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i Abstract 
Abstract 
Incidence of osteoarthritis (OA) is steadily increasing amongst the developed world, with 
the knee being the most commonly affected joint. Knee OA is a complex, progressive 
and multifactorial disease which can result in severe disability, pain, and reduced quality 
of life. Numerous biomechanical changes have been associated with OA disease 
progression within both the affected and unaffected joints. Total knee replacement (TKR) 
is a common surgical intervention which aims to replace the degenerated articular 
surfaces. As longevity of the prostheses have improved, TKR surgery is being 
recommended to an increasingly younger population. There is, however, a growing body 
of evidence to suggest a proportion of patients exhibit several functional limitations 
following surgery. Measuring functional changes is challenging, and numerous studies 
suggest patient-reported changes in physical function aren’t reflective of objectively 
measured changes. This study builds upon techniques to objectively assess 
biomechanical function during level gait using three-dimensional stereophotogrammetry, 
with an aim to quantify biomechanical changes that occur as a result of late-stage OA, 
and measure and summarise functional changes following TKR surgery. 
Firstly, the appropriateness of principal component analysis (PCA) and the Cardiff 
Dempster-Shafer Theory (DST) classifier to reduce and summarise level gait 
biomechanics is investigated within a cohort of 85 OA and 38 non-pathological (NP) 
subjects. The validity of previously adopted rules for retaining principal components 
(PCs) is assessed; namely the application of Kaiser’s rule, and a factor loading threshold 
of ±0.71. Through the reconstruction of biomechanical waveforms using individual PCs, 
it is demonstrated that this rule discards biomechanical features which can accurately 
distinguish between OA and NP gait biomechanics. The currently accepted definitions of 
two control parameters of the DST classifier, which define the shape of the sigmoid 
activation function, are shown to introduce a bias under certain conditions. New 
definitions are proposed and tested, which result in an increase in classification 
accuracy. The robustness of the leave-one-out (LOO) cross-validation algorithm to 
assess the performance of the classification is investigated, and findings suggest little 
benefit of retaining larger cohorts within the cross-validation set. Training bodies of 
different sizes are investigated, and their ability to classify the remaining data is 
evaluated. Results indicated that a training body of ten subjects in each group resulted 
in high classification accuracy (92% ± 2.5%), and improvements in accuracy then began 
to steadily plateau.  
The techniques developed thus far are then adopted to classify the hip, knee and ankle 
biomechanics of 41 OA and 31 NP subjects, to describe the biomechanical 
characteristics of late-stage OA. There were numerous methodological changes within 
this section of the study, and it was proved necessary to recalculate new PCs using this 
cohort. These new PCs were contextualised and used to classify OA biomechanics, 
resulting in a LOO classification accuracy of 98.6%. Anecdotally, the single misclassified 
subject had late-stage OA, but reported only mild functional impairments. The 
biomechanical features which consistently distinguished OA gait are ranked and 
discussed.  
The trained DST classifier was used to quantify the biomechanical function of 22 subjects 
pre and 12-months post-TKR surgery. In contrast to previous findings using the DST 
technique, biomechanical improvements varied, with no clear group of improvers. Five 
subjects were classified as NP post-operatively, seven were classified as “non-dominant 
OA”, and ten as “dominant OA”. Objectively measured function was significantly 
correlated with two out of nine patient-reported outcome measures both before surgery, 
and in all nine post-operatively. This might explain discrepancies in the literature between 
patient-reported and objectively measured changes. A retrospective analysis explored 
pre-operative predictors highlighted knee and ankle coronal plane angulation at heel 
strike, ankle range of motion, and timing of peak knee flexion as potential predictors of 
post-operative function.  
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Chapter 1 - Introduction 
 
1.1 Scope 
This PhD thesis focuses on the objective quantification of changes in lower limb 
biomechanics during level gait resulting from severe osteoarthritis (OA) of the knee, and 
subsequent total knee replacement (TKR).  
This “objective quantification” could be considered a three-step technique: 
1. Human motion analysis – To quantify lower limb biomechanics during level gait. 
2. Principal component analysis – To define discrete metrics from temporal 
biomechanical information. 
3. Data classification using Dempster-Shafer Theory – To objectively summarise 
and weight biomechanical changes associated with OA, and hence quantify 
recovery following surgery. 
The use of Human Motion Analysis (HMA) to calculate lower limb biomechanics during 
level gait has been adopted by numerous studies to characterise biomechanical changes 
during OA disease progression, and changes following surgical intervention. 
Biomechanical changes following TKR surgery have been subject to numerous studies 
within this research group (Jones et al., 2006, Whatling, 2009, Watling, 2014, Metcalfe, 
2014), in collaboration with this research group (Worsley, 2011), and also within a 
number of other studies well summarised in the systematic review of McClelland et al. 
(2007).  
The application of HMA results in a great wealth of temporal data, and objectively 
describing biomechanical changes following TKR surgery is challenging. Since its 
application to human gait biomechanics was described by Deluzio et al. (1997), PCA has 
been adopted as a dimensional reduction technique within this research group (Jones 
and Holt, 2008, Whatling et al., 2008, Watling, 2014), and in the wider biomechanics 
community (Sadeghi et al., 2002, Chester and Wrigley, 2008, Kirkwood et al., 2011). 
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While it has been proven as a useful tool in objectively describing biomechanical 
features, the clinical interpretation of results can be challenging (Brandon et al., 2013).  
The Dempster Shafer Theory (DST) classifier has been proven as an alternative to 
traditional statistics in summarising osteoarthritic changes to gait biomechanics, and 
progression following TKR surgery (Jones and Holt, 2008). The classification technique 
has been shown to accurately distinguish late-stage OA subjects from non-pathological 
(NP) controls (Jones et al., 2008), to out-perform various machine-learning techniques 
(Jones et al., 2008, Parisi et al., 2015), and to characterise changes in function following 
TKR surgery (Worsley, 2011). The underlying classification framework is not one widely 
used within the biomechanics community, and little research has further developed this 
specific technique since its application to gait biomechanics within Jones (2004). The 
classification control parameters; θ, k, A and B have a significant impact on classification 
results, but have undergone little investigation. Furthermore, the robustness of 
classification has mainly been tested using a leave-one-out (LOO) cross-validation 
technique, which has come under scrutiny.   
1.2 Aims and Objectives 
The primary aim of this research was to further develop the application of PCA and the 
DST classification technique in order to quantify biomechanical changes in gait following 
severe osteoarthritis and subsequent TKR surgery. This is achieved through the 
following objectives: 
Objective 1 (Chapter 3):  Assess the validity and robustness of Jones’ application of 
PCA dimensionality reduction and DST classification in characterising OA gait.  
Within this chapter, the techniques used to extract, contextualise and select 
biomechanical features using PCA, will be investigated for their appropriateness. The 
introduction of the overarching study design, inclusion criteria, and data collection 
techniques will be introduced. The choice of classification control parameters, choice of 
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input variables, and robustness of the output classification will then be investigated, and 
recommendations produced for future studies.  
Objective 2 (Chapter 4): Determine the biomechanical changes in the ankle, knee and 
hip and due to late-stage osteoarthritis using the methods developed in Objective 1. 
The methods of input variable selection and the choice of NP controls will be 
investigated. The most robust biomechanical features of OA gait will be determined and 
ranked in order of their ability to classify between NP and OA subjects. 
Objective 3 (Chapter 5): Objectively measure biomechanical changes following TKR 
surgery, and elucidate the relationship between pre and post-operative gait 
biomechanics, and patient-reported outcome. 
The techniques developed within the previous two objectives, including the 
biomechanical classification of osteoarthritic hip, knee and ankle biomechanics, will be 
applied to quantify biomechanical changes following TKR surgery. The relationship 
between gait biomechanics and patient reported outcome measures (PROMs) will be 
investigated to elucidate the association between subjective patient-reported function 
and objectively measured joint kinetics and kinematics. Changes in the body of evidence 
of individual input variables shall be investigated, alongside the summative combined 
body of evidence, to investigate which specific biomechanical features changed following 
surgery in both the operative and non-operative limb. The relationship between 
biomechanical and clinical factors pre and post-TKR surgery will also be investigated to 
identify clinically feasible predictors of biomechanical outcome following surgery.  
1.3 Motivation 
The use of human motion analysis had been adopted to measure biomechanical 
differences or changes within a number of different context: defining “non-pathological 
movement”, measuring how this changes due to certain conditions or pathologies, how 
biomechanics change through surgical or conservative interventions, injury risk and 
several more. The application of human motion analysis allows us to concurrently 
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measure a great wealth of temporal information. In many contexts, much more is 
measured than can be concisely analysed or reported. This is particularly true when  
investigating biomechanical differences between two different cohorts. 
This PhD studentship was supported by Arthritis Research UK, and the work was carried 
out within the Arthritis Research UK Biomechanics and Bioengineering Centre. The 
interdisciplinary research centre involves closes collaborations with surgeons, 
engineers, biomedical scientists and physiotherapists to investigate NP joint 
biomechanics, and determine how this is influenced by arthritis, and hence inform clinical 
intervention. This research often involves the combined collection of biomechanical, 
biological and clinical factors and outcome measures before and after surgical 
intervention (see Figure 1.1). Transparent summative measures of changes in 
biomechanical function following surgical intervention have proven particularly useful 
 
Figure 1.1 Illustrative example of the range of measures taken and examined within the 
Arthritis Research UK Biomechanics and Bioengineering Centre before and after surgery.  
Human motion 
analysis 
Clinical 
outcome 
measures 
Human motion 
analysis 
Pre-operative Post -operative 
Biomechanical 
changes 
Biological data Biological data 
Urine, blood, joint 
fluid and tissue 
biomarkers  
Clinical 
outcome 
measures 
Surgical factors 
Changes in 
perception and 
performance based 
measures 
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within the context, such as to reveal early signs of a link between biomechanical and 
biological changes following high-tibial osteotomy surgery (Holt et al., 2016).  
While the combined use of PCA and DST classification has shown useful in 
discriminating OA biomechanics, further work is required to explored the validity of 
currently adopted techniques. This research chose to further develop and validate these 
techniques with a specific application towards discriminating biomechanical features of 
OA level gait, and hence summarising how these biomechanical features change 
following TKR surgery.  
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2.1 Osteoarthritis and Mechanical Loading 
Osteoarthritis (OA) is a progressive disease of synovial joints which is associated with 
cartilage and bone damage and general joint degeneration; leading to joint pain, stiffness 
and functional disability (Lane et al., 2011). In the United Kingdom, a third of people aged 
45 and over have sought treatment for OA. Of those, over a half sought treatment for OA 
of the knee (ARUK, 2013). Estimates suggest that the number of people within the UK 
with knee OA is expected to increase from 4.7 million in 2010, to 5.4 million in 2020, and 
reaching 6.4million by 2035 (ARUK, 2013). Obesity is a primary risk factor for OA, with 
very obese people being 14 times more likely to develop the condition than those with a 
healthy body weight  (Coggon et al., 2001). Considering the UK has an ageing population 
with high functional expectations, alongside growing rates of obesity (UKHF, 2014), it is 
clear that OA of the knee is a growing problem.  
As opposed to viewing OA as a single disease, there is a growing agreement that it 
actually represents the net effect of a collection of diseases with different causes and 
potential treatments (Lane et al., 2011). Kraus et al. (2015) conducted a review on the 
terminology surrounding the classification and diagnosis of OA, and identified a need for 
the standardisation of the definition of OA.  
Of the four primary draft definitions collated by (Kraus et al., 2015), the main elements 
are as follows: 
1. OA is a complex disease involving movable joints, which is difficult to diagnose 
and define.  
2. OA subjects are a very heterogeneous group, with large variations in clinical 
symptoms and outcomes. 
3. The specific causes of OA are unknown – it is believed to occur as a result of 
both mechanical and molecular events.  
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4. OA is characterised pathologically by cell stress, extracellular matrix degradation 
and tissue remodelling due to maladaptive repair response, including pro-
inflammatory pathways and disruption of the homeostasis of catabolic and 
anabolic processes. 
5. The initial stages of the disease are characterised by abnormal joint tissue 
metabolism, which eventually leads to macroscopic changes such as joint 
inflammation, cartilage degeneration, and osteophyte formation, particularly 
around the joint margins. 
6. The clinical condition is characterised by joint pain, tenderness, crepitus, 
movement limitations, inflammation and occasional effusion. 
Within this review, Kraus et al. (2015) criticise the United States Food and Drug 
Administration for having an outdated disease classification system which lacks 
consideration of molecular causes and instead defines diseases primarily on the signs 
and symptoms.  The authors propose that it is useful to consider the aspects of disease 
and illness separately. From a preventative perspective, the disease can then be split 
into three stages, as shown in Figure 2.1A. The first phase is when there is no disease 
present, and all modifiable risk factors should be minimised. The ‘disease elements’ have 
been categorised into ‘anatomic’, ‘molecular’, and ‘physiologic’ (see Figure 2.1B). A 
subclinical phase of the disease is defined as the period for which the disease is present 
but clinical symptoms have not yet developed. The challenge at this stage is the 
detection – there is a period of the disease where there may be some regenerative ability 
of the articular cartilage; it is currently, however, very difficult to detect OA before 
irreversible damage has already occurred (Madry et al., 2016). The clinical stage of the 
disease is considered to be when illness develops and is the primary focus of this thesis. 
At this stage of the disease, some of the changes may be irreversible. However, there 
are numerous efforts to slow disease progression including the use of pharmaceuticals 
(Black et al., 2009), both surgical (Hui et al., 2011) and non-surgical (Raja and Dewan, 
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2011)  biomechanical interventions, and weight management regimes (Christensen et 
al., 2007).  
 
A 
B 
Figure 2.1 A taxonomy proposed by and reprinted from Kraus et al. (2015) for the classification 
of OA.  
A) The three stages of preventative medicine proposed by Katz and Ali (2009) applied to OA 
prevention and treatment. The goal of primary prevention is to modify risk factors in order to 
minimise the inception of disease. It is proposed that within the subclinical phase there is 
presence of disease but not illness. The secondary prevention involved the early detection of 
this phase and the prevention of progression.  The clinical stage of the disease is defined as the 
initiation of “illness” at which clinical symptoms develop. 
B) The taxonomy proposes a composite score of OA which involves all three major domains of 
the disease elements, alongside their clinical symptoms of ‘illness’. It is anticipated that a 
clinical threshold would be identified at the transition from disease to illness (i.e. the point at 
which symptoms occur). 
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2.1.1 Envelope of Function 
While It has also been shown that traumatic or excessive joint loading can lead to 
cartilage degeneration and OA development, increasing evidence suggests that 
moderate joint loading at normal physiological levels is necessary to maintain healthy 
cartilage (Bader et al., 2011). Scott F Dye, a long-practicing orthopaedic surgeon, 
published a theory of joint function which aims to model how joint homeostasis may be 
affected by changes in joint loading and load frequency (Dye, 1996). Figure 2.2 shows a 
visualisation of Dye’s envelope of function. The theory suggests that relatively low-load 
activities, such as walking, can be repeated at a high-frequency without affecting joint 
homeostasis. The same is said for low-frequency, high-load activities. High-frequency, 
high-load activities, however, can be considered “supra / sub-physiological” and could 
cause structural degradation of joint tissues. Equally, if the only activities a person carried 
out were very low-load, such as sitting, this could be considered a sub-physiological 
under-load and could, therefore, lead to tissue degeneration such as atrophy.  
The theory also helps to visualise how, in pathological subjects, common activities of 
daily living (ADLs) may be causing supra-physiological loads and therefore instigating 
long-term tissue damage. Post-operatively, it may be hoped that loading during ADLs is 
restored to levels within the ‘zone of homeostasis’, hence preserving the joint.   
2.1.2 Joint Mechanics and Biological Changes 
There are a great number of studies that support the relationship between joint 
mechanics and biological changes in joint tissues. Some examples relating to 
underloading are Behrens et al. (1989) which found changes in articular cartilage 
synthesis in joints which were immobilised, and Vanwanseele et al. (2003) which found 
in a longitudinal analysis that patients with spinal cord injuries had a higher rate of 
cartilage thinning than that observed in OA. The largest portion of this field, however, is 
in relation to the pathological mechanisms of cartilage destruction due to injury or 
repeated overloading: for summaries of this literature, the reader is directed to  
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Buckwalter et al. (2013) and Kurz et al. (2005).  There is strong evidence to support a 
causal link between joint loading and OA.  
The progression of OA also leads to changes in loading of both the affected and 
unaffected joints. It is intuitive to suggest that someone with a pain or instability in a joint 
may move differently to compensate for this, or that they may avoid this activity entirely. 
It is also intuitive to suggest that this may affect their quality of life to some degree. What 
is much harder to ascertain is the effect this abnormal movement or activity avoidance  
 
Figure 2.2 Dye’s proposed envelope of knee function (Dye, 1996). A) The load-frequency 
relationship of some common activities. All come below the envelope of function, apart from the 
3m Jump.  B) The proposed envelope of function, displaying zones of underload, homeostasis, 
overload and structural failure. C) The potential effect of joint pathologies such as osteoarthritis 
on the envelope of function. Common Activities of Daily Living (ADLS) the zone of supra-
physiological overload. The zone of homeostasis is much smaller. D) The proposed restoration 
of the envelope of function following an intervention. Common ADLS now fall within the zone of 
homeostasis 
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has on OA progression. When studying the way in which OA affects the way someone  
moves, it can be difficult to distinguish whether the abnormal loading is a cause of the  
OA, an effect of the symptoms, or a combination of both.  
A good example of this is the well-cited study by Sharma et al. (1998) which found a 
significant positive correlation between OA disease severity and the peak External Knee 
Adduction Moment (EKAM) during gait. The EKAM occurs as the ground reaction force 
passes medial to the knee joint centre (see Figure 2.3), and is frequently used as a 
surrogate measure of contact forces within the media compartment of the tibiofemoral 
joint in order to assess the load reducing effects of orthopaedic interventions (Kutzner et 
al., 2013).  An equally well-cited study by Hurwitz et al. (2002) found that the EKAM 
during gait was much more closely correlated to static malalignment than disease 
severity. A systematic review of the relationship between malalignment and the 
development and progression of OA suggests that knee malalignment is both a risk 
factor for OA progression, and that malalignment can be caused and further increased 
by knee OA due to loss of cartilage and bone height (Tanamas et al., 2009).  
 
 
Figure 2.3 A) A simplified illustration of the calculation of the EKAM during gait. The ground 
reaction force passes medially to the centre of the knee, causing a frontal plane moment about 
the knee. This moment acts anticlockwise at the tibia, potentially causing increased contact 
forces (reprinted from Sharma et al. (1999)) 
B) A depiction of the potential cause and effect relationship between the EKAM and OA and 
knee malalignment.  
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↑ medial 
contact forces
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↑ joint space 
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↑ 
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B A 
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Summary - OA is a complex heterogeneous disease process which is the result of 
mechanical and molecular events. This results in a cascade of further changes at a 
mechanical and molecular level, which makes it difficult to directly identify causal 
relationships.  Kraus et al. (2015) calls for a new taxonomy for the classification of OA 
which includes all primary elements of the disease to arrive at a composite score. This 
could be useful for both the detection of OA and for monitoring the effectiveness of 
interventions, however, it is not clear how these multifactorial elements to the disease 
would be weighted. 
2.1.3 Conservative Management of Knee OA. 
Members of the Osteoarthritis Research Society International (OARSI) have, on multiple 
occasions, reviewed the evidence-base of conservative management of knee OA to 
provide expert consensus guidelines (Zhang et al., 2007, Zhang et al., 2008, Zhang et 
al., 2010, McAlindon et al., 2014). The summary of the current version of these guidelines 
is shown in Figure 2.4.  There are a core set of treatments which are deemed appropriate 
for all individuals with knee OA, which together form a rather holistic approach to 
improving outcomes. The emphasis on weight management, exercise, strengthening, 
self-management and education all appear to be echoed by other recent guidelines such 
as those of the American Academy of Orthopaedic Surgeons (AAOS) (Brown, 2013), the 
European League Against Rheumatism (EULAR) (Fernandes et al., 2013), and the 
American College of Rheumatology (ACR) (Hochberg et al., 2012).  
Core treatments - The supporting evidence behind these recommendations are beyond 
the scope of this thesis, however, outcomes of treatment modalities were commonly 
measured using self-reported measures of pain, function, physical activity, and general 
well-being. The AAOS guidelines are non-specific in their recommendations regarding 
strengthening and exercise. This may be due to the heterogeneity of regimes prescribed 
across the multiple research studies under consideration (e.g. content, duration, 
frequency) and the absence of a clearly superior regime. This again follows the trend 
within other guidelines. The EULAR group reached a consensus that mixed programs 
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Figure 2.4 The summary of the expert consensus OARSI  guidelines for the non-surgical management of knee OA., 
reprinted from McAlindon et al. (2014). 
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should be recommended with a focus on improving muscle strength, aerobic capacity, 
and joint range of motion (Fernandes et al., 2013). While a mixed exercise program may 
appear an intuitive endorsement in lieu of evidence-based recommendations of specific 
targeted interventions (e.g. quadriceps strengthening), of the six mixed programs 
included in the review of Escalante et al. (2010), only one group achieved a significant 
reduction in pain. The authors highlighted the need for additional evidence to support 
mixed exercise programs for conservatively managing knee OA. 
Biomechanical interventions - It can be seen in Figure 2.4 that biomechanical 
interventions are recommended for treating knee OA, irrespective the four identified sub-
classifications. The quality of evidence for these recommendations were rated as ‘fair’, 
and were supported by a systematic review of the efficacy of knee braces and foot 
orthoses (Raja and Dewan, 2011), alongside randomly controlled trials assessing insoles 
(Bennell et al., 2011, van Raaij et al., 2010), knee braces (van Raaij et al., 2010), and a 
variable-stiffness shoe (Erhart et al., 2010). Both knee braces and foot orthoses are 
intended to offload one of the compartments of the knee (Raja and Dewan, 2011), and 
therefore may be more suitable for patients with OA only affected one compartment. 
Inserted insoles attempt to achieve this through changing the mechanical alignment of 
the calcaneus, and hence altering the mechanical alignment of the lower leg (Toda et 
al., 2001). Several studies have demonstrated a reduction in the peak knee adduction 
moment of around 6% when using a lateral wedge of 5° (Kerrigan et al., 2002, Kakihana 
et al., 2005, Shimada et al., 2006). The mechanism of action might also be attributed to 
the lateral shift of the centre of pressure relative to the foot (Hinman et al., 2012). As 
opposed to reducing the external knee adduction moment, valgus knee bracing aims to 
reduce compression within the medial compartment by applying an external valgus 
moment, which counteracts the effects of the varus moment (Raja and Dewan, 2011). 
The National Institute for Health and Care Excellence (NICE) guidelines which inform 
clinical practice within the UK currently recommend that people with OA alongside 
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‘biomechanical joint pain or instability’ should be considered for assessment for insoles, 
joint supports or braces (NICE, 2014). 
Pharmacological interventions - The recommended pharmacological interventions are 
focussed on the management of pain, with the ACR guidelines recommending the use 
of acetaminophen, oral or topical nonsteroidal anti-inflammatory (NSAID) drug, or 
tramadol for patients unable to obtain pain relief from over the counter equivalents 
(Hochberg et al., 2012). Both the ACR and OARSI guidelines also advocate the use of 
intraarticular corticosteroids to relieve pain in knee OA patients, however, the AAOS 
guidelines deemed the evidence inconclusive, and hence clinical judgement should be 
exercised.  There are numerous contraindications for the use of analgesics relating to 
comorbidities such as a history of gastrointestinal bleeding, arterial disease, 
hypertension, etc. On this grounds, the NICE guidelines have highlighted a need for more 
research into the long-term outcomes of treatments for OA in the elderly, for whom 
NSAIDs are often not appropriate (NICE, 2014).  
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2.2 Total Knee Replacement  
Knee arthroplasty is a common procedure for patients with moderate to late-stage OA. 
The procedure involves the replacement of joint surfaces with orthopaedic prostheses 
which are specifically designed to restore functional movement to the joint.  According to 
the latest report from the UK National Joint Registry (UK-NJR), over 103,000 
replacement procedures were recorded in the UK in 2014 – an increase of 12.4% from 
the previous year (UK-NJR, 2015). Of all 772,674 knee replacements recorded in the 
database, 96% were specifically due solely to a diagnosis of knee OA (UK-NJR, 2015).  
The knee is made up of three compartments: the medial and lateral tibiofemoral, and the 
patellofemoral. The choice of whether to replace one, two or all three compartments is 
dependent on expert opinion and the quality of the joint surfaces. The severity of OA 
within the medial and tibiofemoral compartment is most frequently classified 
radiographically using the Kellgren-Lawrence (KL) scale (Emrani et al., 2008). If either 
solely the medial or lateral tibiofemoral compartment is to be replaced, this is considered 
a partial or Unicondular Knee Replacement (UKR). If, however, both the medial and 
lateral compartments are replaced, this is considered a Total Knee Replacement (TKR). 
The evidence as to whether to also resurface the patella during TKR surgery remains 
controversial, with a recent meta-analysis concluding patella resurfacing may be 
associated with better follow-up after five years, however, more evidence was required 
to further prove this (Chen et al., 2013).  
2.2.1 Choice of TKR Design Within the UK 
Over 90% of knee arthroplasties performed in the UK are TKRs – a proportion which has 
shown no signs of shifting over the last ten years (UK-NJR, 2015). The percentage of 
these which have used implants designed to be fixated using bone cement has steadily 
increased over this period, to 97% in 2014. This is likely due to much higher costs, high 
rates of early loosening in early designs (Berry et al., 1993), and lack of evidence for 
long-term clinical benefits of uncemented implants (Matassi et al., 2013). 
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In 2014, of the cemented implants used, 71.6% were designs which retain the posterior 
cruciate ligament (PCL), the others being designs requiring the resection of the PCL. The 
clear majority (88%) of the latter were posterior-stabilised designs, which compensate 
for the absent PCL by introducing an intercondylar post and cam, which guide the knee 
through flexion resulting in an increase in anterior-posterior stability. A recent meta-
analysis concluded that cruciate-retaining and posterior-stabilised TKRs have similar 
clinical outcomes (Li et al. (2014), and hence choice may be due to the preference of the 
surgeon or the pre-operative condition of the PCL. 
Of these cruciate-retaining and posterior-stabilised designs, 97% were fixed-bearing; 
meaning that the polyethylene tray is fixed in the tibial baseplate. The remaining are 
mobile bearing designs, which allow a small amount of motion of the polyethylene 
component relative to the tibia. The primary proposed advantage of this is reduced 
aseptic loosening and wear of the polyethylene insert. However, a recent systematic 
review of 41 studies concluded there were no clinically relevant improvements in 
outcome (Van der Voort et al., 2013). 
In summary, the majority of TKRs in the UK appear to use one of two primary design 
types: cemented, PCL retaining, fixed-bearing implants (67%), or cemented, posterior 
sacrificing, fixed-bearing implants (23%). The aforementioned review, however, appears 
to find no significant differences in clinical outcomes between designs. 
2.2.2 TKR Outcomes 
Despite advancements in design and surgical technique, and the apparent consistency 
of clinical outcomes between designs, it is commonly reported that around one in five 
subjects are dissatisfied with their outcome (Baker et al., 2007, Bourne et al., 2010); in 
comparison to closer to one in 15 in hip replacement recipients (Anakwe et al., 2011). 
Several studies have assessed the primary factors of this dissatisfaction, which are 
summarised below: 
Post-operative pain – Numerous studies report post-operative pain, or level of pain relief 
from surgery, to be one of the main influences of dissatisfaction following TKR surgery 
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(Scott et al., 2010, Baker et al., 2007, Hamilton et al., 2013). Interestingly, patients often 
expect greater reductions in pain when compared to improvements in function 
(Mahomed et al., 2002).  
Improvement in function – While generally not as strong a predictor as pain, functional 
improvement has shown to correlate with satisfaction in some (Baker et al., 2007, Noble 
et al., 2006), although not all studies (Scott et al., 2010). As biomechanical function is 
limited by pain, they are intrinsically linked and it is therefore very difficult to analyse 
function as an independent variable, particularly when relying on Patient-Reported 
Outcome Measures (PROMs).  
Expectations not met -  It is not surprising that, in the majority of dissatisfied patients, 
pre-operative expectations were not met (Noble et al., 2006), and / or patients had higher 
pre-operative expectations (Baker et al., 2007, Scott et al., 2010, Gandhi et al., 2008). 
Interestingly, some studies have found as many as 50% of dissatisfied patients appear 
to have no specific adverse symptoms from their knee (Noble et al., 2006, Kim et al., 
2009). This could indicate that a large proportion of dissatisfied patients may have had 
unrealistic pre-operative expectations, or it may indicate that PROMs and clinical 
assessment may not be detecting or representing the pathological symptoms the patient 
is experiencing.  
Quality of care – The quality of care and overall experience within the hospital has been 
shown to have a role in patient satisfaction (Hamilton et al., 2013, Scott et al., 2010). 
This highlights an issue when using satisfaction as an outcome measure, as the quality 
 
Figure 2.5 The primary categories of factors which appear to correlate to post-operative 
improvement following TKR surgery 
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of care may be highly variable, even within a single hospital, and is a factor the 
orthopaedic surgeon may have limited control over.   
Psychological factors – Conditions such as depression, poor mental health, and a 
pessimistic explanatory style are positively correlated to dissatisfaction following TKR 
(Scott et al., 2010, Gandhi et al., 2008, Singh et al., 2010). Depression is known to affect 
the experience of pain and perception of ability (Scott et al., 2010), which again highlights 
a challenge when analysing PROMs.  
2.2.3  Outcome Measures 
Patient satisfaction is a common outcome measure for any intervention. However, as 
discussed above, it is the cumulative effect of several known and unknown factors. The 
reviews mentioned in Section 2.2.1 determined and compared clinical outcomes of 
prostheses mainly using: 
• Clinical outcomes, such as post-operative complications (Li et al., 2014),  range of 
motion (ROM) (Li et al., 2014), and radiological evaluation (Van der Voort et al., 2013) 
• Revision rates at long-term follow-up (Li et al., 2014, Van der Voort et al., 2013, 
Matassi et al., 2013) 
• Patient-reported outcome measures, such as The Knee Society pain score (Li et al., 
2014) and The Western Ontario and McMaster Universities Arthritis Index (WOMAC) 
score (Van der Voort et al., 2013).  
The UK-NJR also heavily reports revision rates in order to compare outcomes for TKR 
designs and patient demographics (UK-NJR, 2015). There are several challenges to 
using revision rates as an as an outcome measure for guiding surgical technique, patient 
selection, and rehabilitation. The revision rates of UKRs is much higher than that of TKRs 
in the UK (UK-NJR, 2015). However, a recent study suggests it is a particularly poor 
outcome measure when comparing these two surgeries due to differing patient 
indications and a completely different surgical decision process (Goodfellow et al., 2010). 
The same argument applies, for example, when comparing different PCL retaining and 
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sacrificing designs which have differing patient indications, or comparing revision rates 
in older patients of whom surgeons might be less willing to revise due to functional 
expectations and surgical complications. It appears that improvements in patient-
reported outcome measures are reflected in revision rates, particularly in younger 
patients (Price et al., 2010). To assess revision rates, a long-term follow-up is required, 
which also adds significant practical challenge. 
The use of PROMs can reflect how a patient perceives elements of their physical function 
before and after TKR surgery. There is, however, growing evidence that this often isn’t 
reflected in objective measurements of functional performance (Maly et al., 2006). In fact, 
it seems that patients report their improvements in physical function to be higher than it 
seems during objective assessments (Stratford and Kennedy, 2006, Worsley, 2011, Naili 
et al., 2016).  
Stratford and Kennedy (2006) investigated how patient-reported function was related to 
objective measures of function following TKR surgery and how this correlated with pain. 
Pain and function were assessed using the WOMAC questionnaire. Functional ability 
was objectively assessed using the following timed tests: 40m walk, ten step stair 
ascent/descent, sit-to-stand from a chair, and distance travelled during a six-minute walk. 
The researchers discovered that a reduction in pain was the primary predictor of the 
subject’s perceived functional improvement, as opposed to objective functional 
performance measures.  
Functional performance measures for OA subjects often involve the use of multiple limbs, 
as single-limb support can be too challenging. Mizner and Snyder‐Mackler (2005) found 
that the quadriceps strength was strongly related to objective functional performance in 
TKR subjects, however, this relationship was stronger in the uninvolved limb. Functional 
performance tests which use the time taken or distance travelled as the primary outcome 
measure are likely strongly influenced by the other limb.  OA and subsequent TKR 
surgery affect the biomechanics of not only the affected limb but also the unaffected 
joints, including those on the contralateral leg (Metcalfe et al., 2013, Watling, 2014).  
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2.2.4 Rehabilitative Factors 
In 2003, the National Institute of Health Consensus panel reported that the use of 
rehabilitation services before and after TKR surgery was perhaps the most understudied 
aspect of their care (Rankin et al., 2004). The report acknowledged that there was strong 
theoretical justification that short and long-term outcomes would be improved through 
the treatment of preoperative and post-operative impairments e.g. joint contractures, 
abnormal movement patterns and joint mechanics, muscle weakness, and atrophy.  
A more recent systematic review and meta-analysis of the effectiveness of physiotherapy 
exercise following TKR surgery compared 18 randomised control trials including a total 
of 1739 patients (Artz et al., 2015). The study found evidence to suggest patients 
receiving physiotherapy exercise had improved physical function and reduced pain at 3-
4 months in comparison to those receiving minimal physiotherapy. Benefits at 6 months 
were inconsistent, and primarily observed in the studies which were rated higher quality. 
However, no differences in pain and function were observed between outpatient 
physiotherapy and home-based exercise provision. The authors concluded that evidence 
was insufficient on long-term benefits of post-operative rehabilitation were limited and 
that further research is needed. 
Pre-operative physiotherapy, sometimes termed ‘prehabilitation’, aims to increase the 
functional capacity of the patient before undergoing surgery. This is hoped to increase 
the patient’s ability to withstand the immediate effects of the surgery itself, as well as the 
post-operative rehabilitation phase (Ditmyer et al., 2002). Some studies have supported 
a link between pre-operative functional ability and strength, and post-operative outcome 
(Dennis et al., 2007) (Jordan et al., 2014), however both the systematic reviews of 
Ackerman and Bennell (2004) and, more recently, Jordan et al. (2014) concluded that 
there is not enough evidence to support the effectiveness of pre-operative treatment by 
a physiotherapist.   
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2.3 Human Motion Analysis 
Human Motion Analysis (HMA) is a technique which involves the objective quantification 
of human motion, including joint kinematics (e.g. joint angles), joint kinetics (e.g. external 
moments), temporal-spatial parameters (e.g. stride length), and muscle activity. This 
allows for a much more thorough objective quantification of how function has changed 
at both the unaffected and affected joints following surgical intervention.  
There are various techniques for HMA, which all vary in terms of accuracy, precision, 
practicality and cost. The most common clinical application for HMA has been in the 
management of patients with walking disorders, causing gait analysis to become a 
routine part of patient management in certain centres. 
Motion capture using opto-electronic stereophotogrammetry (MOCAP) is the most 
common method for quantifying both the kinematics and the kinetics (Fernandez et al., 
2008). This method has previously been used at Cardiff University to quantify the 
function of OA subjects (Jones et al., 2006, Beynon et al., 2006, Metcalfe et al., 2013) 
and assess their post-surgical recovery (Jones et al., 2006, Jones and Holt, 2008, 
Watling, 2014, Whatling, 2009).  
Joint kinematics are assessed during MOCAP by using markers which are tracked in 3D 
space by cameras. The Qualisys system at Cardiff University uses retroreflective 
markers, which reflect infrared light (IR) emitted by the cameras. Within each camera, 
there is also an IR sensor which captures this reflected light. If the motion analysis 
laboratory is free from other sources of IR light, then the cameras will only see the 
markers, hence the complex object classification algorithms seen in HMA within the 
computer vision field are not necessary. There will, however, also be some level of 
unwanted IR light sources and reflections within a laboratory. This is easily addressed 
using preventative methods, camera masking, or pixel intensity thresholds.  
The actual movement of bones relative to one another cannot be directly measured in 
vivo using markers. Instead, anatomical landmarks are palpated and used to estimate 
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the position and orientation of the underlying bone. This provides clear, repeatable and 
clinically interpretable axis definitions to the segments. For example, the distal end of the 
tibia is often defined using the medial and lateral malleolus, and the proximal end using 
the femoral epicondyles (see Figure 2.6A).   
 As a person moves, the soft tissues are continually moving relative to the bone due to 
skin movement, muscle contraction, and inertial effects. This results in inaccuracies in 
the assumption that marker movement directly corresponds to bone movement. The 
anatomical landmarks used to define the segment axis system also happen to be prone 
to large levels of soft tissue artefact (STA) during motion.  It is, therefore, common to use 
tracking markers, which are placed on the subject at locations with less STA, such as 
 
Figure 2.6  A) Illustration of how markers (grey circles) on the femoral epicondyles and the 
medial and lateral malleolus can be used to define an Anatomical Coordinate System (AC S) for 
the tibia during a static trial 
B) Illustration of how the position of a rigid tracking cluster placed laterally on the tibia might be 
used to reduce errors due to soft tissue artefact. The tracking Marker Coordinate System (MCS) 
is defined relative to the tibial ACS during the static trial. During motion trials, only the position 
and orientation of the tracking MCS need to be collected, and the position and orientation of the 
tibial ACS can then be inferred. 
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the lateral shank and thigh (see Figure 2.6B). Generally, at least three tracking markers 
will be used per anatomical segment, which allows the creation of a tracking segment. 
The rotation of the tracking segments relative to one another does not produce a clinically 
interpretable joint angle. The position and orientation of each tracking segment relative 
to the corresponding anatomical segment is recorded during a static calibration trial. 
During the movement trials, it is assumed that the position and orientation between the 
tracking segment relative to the true anatomical segment axis remain constant, and 
anatomical segment orientation can, therefore, be inferred solely through measuring 
tracking marker segments.  
For a thorough overview of the possible errors incurred during MOCAP, the reader is re-
directed to a comprehensive four-part review (Cappozzo et al., 2005, Chiari et al., 2005, 
Leardini et al., 2005, Della Croce et al., 2005). In summary, as the technology involved 
in MOCAP has advanced, the methodological errors have quickly far outweighed the 
instrumental errors. The primary methodological errors are STA, as previously 
mentioned, and the failure to accurately model the anatomical axis of the bone using 
anatomical markers. The latter can be due factors such as marker placement error, high 
amounts of subcutaneous fat due over bony landmarks, or that elements of anatomic 
axes, such as the hip joint centre, cannot be palpated. STA is particularly high for the 
thigh and can result in rotational errors greater than 12 degrees in calculations of 
internal/external rotation and ab/adduction of the knee (Peters et al., 2010, Garling et al., 
2007).  
Kinetic data is calculated using a force plate/platform. These plates measure the equal 
and opposite Ground Reaction Force (GRF) caused by the foot in contact with the floor 
during motion. The human body is being modelled as a system of rigid links with six 
degrees of freedom at each joint (unless inverse kinematics are being applied). A free 
body diagram can be described to estimate the reaction forces and moments that act 
about these links. In addition to the consideration of the GRF, the mass and inertia of the 
body itself contributes to reaction forces and external joint moments. To estimate these 
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effects, the inertial properties of body segments can be estimated during inverse dynamic 
analysis. This involves the use of cadaveric data, such as that provided by De Leva 
(1996) which provides linear regressions of the centre of mass and the radius of gyration 
in each plane for segments relative to parameters, such as leg length.  
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2.4 Data Reduction 
The collection of HMA data results in an extensive amount of temporal information. 
Generally, gait variables are normalised using 101 data points to a percentage of stance 
phase or the entire gait cycle. To allow a meaningful statistical analysis to be performed, 
these temporal waveforms must be summarised using a smaller number of discrete 
variables. This has resulted in an extensive application of data reduction techniques to 
HMA data (Chau, 2001a). A common method of reducing data is to define discrete 
parameters of the waveform, as shown in Figure 2.7. For example, during the swing 
phase of gait, the knee must flex to achieve toe clearance as the limb progresses 
forward. A reduction in this angle might be related to an indication of an increased risk 
of trips or falls.  
Choosing which discrete parameter to calculate, however, is subjective and may be 
discarding valuable information. While consistent peaks and troughs may be identifiable 
in healthy subjects, often the waveforms of pathological subjects will have completely 
different characteristics. Furthermore, by completely discarding the rest of the waveform, 
important information regarding inter-subject variability can be lost (Gaudreault et al., 
2011).  
Deluzio et al. (1999) demonstrated that PCA was a useful technique in the reduction of 
temporal biomechanical data. The study found that principal component scores were 
sensitive to gait changes associated with knee OA, as well as changes following a partial 
knee replacement. PCA has since been successfully applied at Cardiff University to help 
distinguish between OA and non-pathological (NP) subjects and hence objectively 
measure changes in gait parameters following TKR surgery (Jones et al., 2008, Whatling 
et al., 2008, Whatling, 2009, Metcalfe et al., 2013). 
Principal Component Analysis is a multivariate data analysis technique which applies an 
orthogonal transformation of an n dimension dataset of potentially correlated variables, 
in order to arrive at a new n dimension dataset of linearly uncorrelated variables. The  
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first dimension of the new dataset will represent the greatest amount of variance in the 
dataset, and so forth until the nth dimension, which will often end up representing an 
extremely small amount of the total variance. It then becomes possible to reduce the 
dimensionality of the dataset by only considering, for example, the first five dimensions.  
2.4.1 Computing Principal Components 
PCA is a relatively straightforward multivariate analysis technique.  The steps are listed 
below but explained in much greater detail in Section 3.4. 
1. Standardise the data – such that it has zero mean and a unit variance  
2. Calculate the correlation coefficient matrix  
A 
B 
Figure 2.7 A) An example of how a knee flexion/extension angle during gait might be reduced 
into discrete parameters which can be easily interpreted. 
B) An example of the how the results of principal component analysis (PCA) might be 
interpreted. The three principal components which represent the greatest total variance have 
been selected. The areas highlighted by the dashed lines represent the proportion of the gait 
cycle for which a principal component represents greater than 50% of the variance. 
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3. Calculate the eigendecomposition of the correlation matrix to compute at the 
eigenvectors and eigenvalues 
4. Multiply the eigenvectors by the square root of the eigenvalues to arrive at the 
factor loadings 
5. Multiply the eigenvectors by the standardised data points to arrive at the principal 
component (PC) scores for each subject 
If, for example, 101 data points have been used to normalise a gait waveform to 0-100% 
of the gait cycle, this method will calculate 101 eigenvectors, each with 101 dimensions. 
Each eigenvector will have a corresponding eigenvalue which represents how much of 
the total variance of the dataset that eigenvector represents; e.g. if the first eigenvalue 
was 0.78, and if we were then to reconstruct all the waveforms using just that first 
eigenvector/principal component, 78% of the initial variance between subjects would be 
represented. 
The purpose in this instance was to reduce the dimensions of the dataset, and therefore 
not all 101 PCs will be retained. One objective criterion for PC selection is to use Kaisers 
rule (Kaiser, 1960). This rule suggests that all principal components with an eigenvalue 
of less than one should be discarded. Another reasonable technique is to define a target 
variance that would ideally be represented. The minimum number of PCs that are 
required to meet that threshold can then be used for further analysis. 
A further potential selection technique is to use the factor loadings. The factor loadings 
can be thought of as the correlation coefficients of the new data. The correlation 
coefficient between two variables is often donated as the r value, and the amount of the 
total variance that correlation represents is generally donated as the r2 value.  If a 
correlation is greater than 0.71 or less than -0.71, its r2 value is greater than 0.5 and it, 
therefore, represents greater than 50% of the variance. Each principal component has a 
factor loading for each point of the gait cycle, indicating how much of the total variance 
that principal component represents at that point of the gait cycle. Comrey and Lee 
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(2013) suggest that the >0.71 and <-0.71 range be used as a threshold for consideration 
of PCs.  
2.4.2 Further Techniques 
The technique of individually computing PCs for waveforms takes advantage of the high 
amounts of correlation that individual points of a single waveform have with each other. 
There is also a high amount of interdependency between individual gait variables and 
there are therefore potential advantages to performing PCA to all waveforms in a single 
‘state space’. For example, knee flexion is required during swing phase to achieve 
ground clearance, but hip circumduction, a combination of ab/adduction and 
internal/external rotation can be adopted as a gait compensatory strategy to achieve toe 
clearance. In subjects adopting this strategy, changes in knee flexion/extension 
waveforms would likely be highly correlated with changes in hip flexion/extension, 
ab/adduction, and internal/external rotation. If these waveforms were all considered in a 
single PCA, a large amount of this correlated variation might be representable using a 
single principal component. 
The application of PCA to multiple joint angles within the same ‘state space’ has been 
reported in the literature (Boyer et al., 2012). Other researchers have also employed a 
slightly different technique which applies PCA to the time normalised marker coordinate 
data.  The marker coordinates of the pelvis are generally subtracted from the markers at 
each frame, such that markers’ coordinates are represented as distances from the pelv is 
marker (von Tscharner et al., 2013, Federolf et al., 2013). These techniques often still 
include the whole GRF waveforms within the state space.  
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2.5 Classification / Data Summation 
Interpretation of HMA data is challenging due to the complex independences of 
biomechanical variables (Schwartz and Rozumalski, 2008). Data reduction has 
previously been discussed, however, as dimensionality is reduced, data is also 
discarded. If for example, we wanted to describe changes in the biomechanics of the 
ankle, knee, and hip following TKR surgery, joint translations are going to be ignored due 
to STA, leaving three rotations and three moments about each joint – a total of 18 
temporal waveforms. If we imagine that each waveform is reduced to two discrete 
parameters using either subjective parameterisation or PCA, there are now already 36 
discrete variables for consideration. OA is a bilateral disease (Metcalfe et al., 2013) and 
it is, therefore, important to also track changes of the other limb. It has also been shown 
that subjects with medial compartmental OA often adopt a lateral trunk lean – perhaps 
to reduce coronal plane loading of the affected joint (Hunt et al., 2008). Trunk kinematics 
should, therefore, be considered. OA subjects also tend to compensate for decreased 
stability by co-contracting the surrounding muscles (Zeni et al., 2010, Hortobágyi et al., 
2005), therefore, biomechanically, the movement may appear stable despite 
pathological co-contractions potentially increasing joint loads and leading to further 
cartilage loss (Fallah-Yakhdani et al., 2012). Pathological subjects might consequently 
be incorrectly identified as being healthy or improved following an intervention without 
the inclusion of an electromyographic (EMG) analysis. This demonstrates the vast 
complexity of summarising important features of human biomechanics.  
As discussed previously, OA is a complex and very heterogeneous disease with very 
different pathological routes to common clinical disease characteristics. Multiple 
researchers attempt to define subgroups or ‘phenotypes’ of OA patients based on clinical 
presentation (Knoop et al., 2011, Van der Esch et al., 2015), genetic factors (Van Meurs 
and Uitterlinden, 2012), patterns of cartilage degeneration  (Snelling et al., 2014) and 
risk factors (Bierma-Zeinstra and Verhagen, 2011). The goal of this research is to 
develop more targeted interventions which are driven by knowledge of specific OA 
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phenotypes. Changes in physical function are also very heterogeneous within OA 
subjects, as opposed to a linear progression of severity. For example, one subject’s OA 
could be primarily due to a traumatic indecent, such as a meniscal tear, another’s primary 
due to obesity, and another’s due to ageing. The first might present with a seemingly 
high level of function, yet chronic instability, the second might have severe challenges 
performing even low-load activities of daily living, and the third might struggle primarily 
with higher load activities, such as stair-climbing.  
Due to this heterogeneity in the potential biomechanical adaptations in OA subject, vital 
information might be discarded if only a select few biomechanical variables were 
considered further. This also poses challenges due to conflicting and corroborating 
biomechanical data information. For example, a surgical intervention might have 
restored knee flexion moments towards that of a matched control subject, yet this may 
have resulted in changes in previously NP hip and ankle function. As mentioned earlier, 
Kraus et al. (2015) call for disease elements of OA to be summarised in a composite 
score to aid disease detection and monitoring following interventions, but this is clearly 
not a simple task for biomechanical information. 
2.5.1 Gait Indexes 
One simplistic solution to summarising gait data is to summate how far the subject 
deviates from that observed in healthy controls. One of the criticisms of this approach is 
that it ignores the inter-correlated nature of gait variables. An example which illustrates 
this has been modified from Schutte et al. (2000) and is displayed in Figure 2.9. From 
the figure, it can be seen that, when interpreting the distance from the standard deviation 
of highly correlated variables individually, this could result in the misinterpretation of gait 
data for subjects 2 and 4, who actually fall within the healthy hypothetical distribution of 
increasing peak flexion angle with increasing walking speed. Schutte et al. (2000) 
introduced a method called the ‘normalcy’ index, later becoming known as the Gillete 
Gait Index (GGI), which aimed to overcome this issue. The method is briefly summarised 
below and illustrated in Figure 2.8: 
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1. Principal component analysis is performed on the healthy data to define a new 
uncorrelated axis system, following the same steps listed in Section 2.4.1. 
2. Project the data onto this new axis system, by multiplying the standardised values 
by the eigenvector (effectively calculating the PC scores) 
 
 
         
Figure 2.8 Graphic representation of the calculation of the normalcy index for two variables, 
reprinted from (Schutte et al., 2000). 
A) The ellipse represents the normal healthy distribution of two correlated gait variables 
within two standard deviations (STDs) away from the mean. The patient is represented 
as a distance at an amount of STDs from these means. The primary axis of variation 
(principal component) is displayed (pointing top right) and the orthogonal axis to this is 
displayed (pointing top left). 
B) Principal component analysis is used to define a new axis system, and the data points 
have been projected onto this axis system by calculating their PC scores. The two 
variables are now uncorrelated; however, the variation is not equal. 
C) The two axis systems have been dived by the square root of their eigenvalues, such 
that the variance is now equal. The Euclidean length of the patient from the centre of 
this new coordinate system is now calculated and named the ‘normalcy index’. 
 
A B 
C 
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3. Divide each axis (and variable value) by the square root of the eigenvalue 
associated with that PC. This essentially re-standardises the data such that each 
axis has equal variation. 
4. Calculate the Euclidean length of the patient from the centre of this new 
coordinate system, which is named the ‘normalcy index’. 
The most obvious criticism of this method is that, by dividing the PC axes by the square 
root of the eigenvalues, the contribution of PCs representing a high degree of variance 
is lessened, and those representing low variance is increased. The PCs which represent 
the smallest amounts of variance may be very sensitive to noise and have no contextual 
relevance, yet are being equally weighted in the normalcy index. This might explain why 
the normalcy index of a single subject can vary drastically between different sets of 
healthy control data (McMulkin and MacWilliams, 2008).   
 
Figure 2.9 An illustration, adapted from Schutte et al. (2000), of how the interpretation of 
‘normalcy’ of two gait variables can be misleading when there is high correlation between these 
variables within a healthy cohort. 
The blue ellipse represents the normal healthy distribution of the peak knee flexion angle 
relative to walking speed within two Standard Deviations (STDs) away from the mean. 
Hypothetical test subjects 1-4 have been highlighted as a black cross. While all four test 
subjects are all the same fraction of STDs away from the mean of both variables, subject 2 and 
4 actually fall within the distribution found in healthy subjects, whereas subject 1 and 3 fall well 
outside this range. 
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In the demonstration, the normalcy index is calculated using 16 temporal-spatial and 
kinematic discrete variables which were subjectively selected based on the experience 
of the authors. Schutte et al. (2000) raise this issue themselves when presenting the 
technique, and even suggest the inclusion of kinetic parameters might more accurately 
reflect patient outcomes.  Despite this, these same 16 variables have been used 
extensively by researchers to calculate the normalcy/GGI index (Assi et al., 2009, Wren 
et al., 2007, Hillman et al., 2007, McMulkin and MacWilliams, 2008). Also, the normalcy 
index seems to have been used primarily in the research field of cerebral palsy, hence 
children are often used as control subjects (Cretual et al., 2010). It appears that the GGI 
may also be valid in adult populations (Cretual et al., 2010), but it was again noted that 
these 16 variables may not be the optimal biomechanical descriptors of gait. 
Further criticisms of the GGI include the difficulty of interpreting and the lack of physical 
meaning of the multivariate components which make up the score, and the non-normality 
of the index (Schwartz and Rozumalski, 2008). A new gait summary measure has been 
proposed by Schwartz and Rozumalski (2008) in an attempt to overcome these 
problems. The calculation involves the creation of a matrix, or state space, which 
includes all temporal gait parameters under consideration. A singular value 
decomposition (SVD) is then calculated on the matrix, a technique which has a lot of 
similarities to PCA. The SVD creates a new ‘orthogonal basis’ which can be used to 
reconstruct the data. Much like the PC selection process mentioned in Section 2.4.1, 
only some of the feature components will be considered for analysis. Also, each feature 
component accounts for a decreasing amount of variance to the previous. The analysis 
of Schwartz and Rozumalski (2008) included the use of threshold criteria for the 
minimum representation of total variance and a technique which measures the similarity 
of the reconstructed data to that of the original. 
2.5.2 Artificial Intelligence  
Artificial Intelligence (AI) has been applied to biomechanical data in order to classify 
healthy and pathological function for at least 25 years (Chau, 2001b). The goal of a 
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classification is to iteratively learn a mathematical relationship between input variables, 
e.g. discrete biomechanical variables and the target output, e.g. healthy or OA function. 
Classification techniques can be broadly categorised as either supervised or 
unsupervised (Bishop, 1995). Both techniques will derive their relationships based on 
the training data. With supervised techniques, however, the training data has known 
class labels; for example, in this context, the data may have a class label of ‘0’ if they are 
known to be healthy, and ‘1’ if they are known to have OA.  
Unsupervised classification techniques infer the classes based on the data itself (Bishop, 
1995). For example, let’s suppose there were two distinct compensation strategies that 
OA subjects use to avoid pain and instability. These might be distinct from healthy 
subjects, hence an unsupervised classification technique might arrive at three class 
labels i.e. ‘healthy’, ‘OA1’ and ‘OA2’. While unsupervised classifier architectures have 
been applied to gait analysis, such as hidden Markov models (Cheng et al., 2008) and 
self-organising maps (Barton et al., 2006), this thesis is focussed on the supervised 
classification of labelled data. Further sub-classification or phenotyping of OA subjects 
using unsupervised techniques may be clinically informative, however, is beyond the 
scope of this thesis. 
2.5.3 Supervised Training  
Supervised classification architectures are the most common AI technique within gait 
analysis research (Lai et al., 2009). This is likely because the training data can be initially 
labelled using expert knowledge, e.g. using a pre-existing accepted clinical classification 
of pathology. This preserves the clinical validity of the output class labels, however, 
inhibits the direct identification of new sub-groupings or phenotypes of a pathology.  
The most prevalent of these techniques within gait studies is that of Artificial Neural 
Networks (ANNs) (Schöllhorn, 2004). ANNs are a type of machine-learning model which 
were inspired by the biological neural networks of the brain. In a broad sense, ANNs 
represent a series of interconnected “neurons” which make decisions to model the input 
data. These neurons are organised into different layers. The input layer is the one directly 
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connected to the input data, and the output layer is connected to the final output of the 
classification. The processing layers in between these two are referred to as “hidden” 
layers. Every neuron in the input layer is connected to every neuron within the hidden 
layer, which is likewise connected to every neuron in the output layer (see Figure 2.10). 
These connections are assigned weights, which are updated iteratively as the ANN is 
trained – most commonly using a backpropagation algorithm (Bishop, 1995).  
A notable application of ANNs is the study of (Lafuente et al., 1998), where kinematic, 
kinetic and temporal parameters during gait were passed to a three-layer 
backpropagation ANN to classify between four groups; NP, ankle OA, knee OA and hip 
OA. In total, 7% of the148 pathological subjects were correctly classified, and 87% of the 
88 NP subjects. A comparison was also made to the performance of a less complex, 
Bayesian classification technique, finding a 5% improvement in accuracy. The authors 
did, however, note that the interpretation of the classification rules was far more 
challenging due to the complexity of the relationships between input variables and an 
output within the three-layer network. The research study concluded at this time that 
additional effort was necessary to translate the inference model into explicit rules which 
can be readily understood and adopted.  
More recent developments of AI within gait analysis research were well-reviewed by (Lai 
et al., 2009). The author’s concluded that despite high performances being demonstrated 
 
Figure 2.10  The layout of a very simple neural network consisting of only two inputs and 
outputs, and one hidden layer consisting of three neurons. Input neurons (blue) simply pass the 
data to the hidden layer. The processing neurons (orange) contain mathematical functions 
which sum the weighted inputs to the neuron, and then apply an activation function 
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by numerous researchers adopting various architectures, however, the uptake of AI 
techniques in applications such as rehabilitation monitoring, disorder detection, and risk 
management had been limited.  This lack of adoption of techniques was attributed to the 
“black-box” nature of many AA techniques, where relationships between the model and 
the disorder are difficult to interpret or graphically visualise. It was also noted that 
supervised classifiers are limited by ignorance to pathologies not learnt by the AI system, 
and are further challenged by the heterogeneous nature of gait abnormalities associated 
with a particular disorder.  
It appears that the theoretical basis of classification architectures such as ANNs is sound, 
there are limitations relating to clinical interpretability which inhibit easy adoption by 
clinicians. This is perhaps due to the It is perhaps the iterative nature of AA architectures 
which contribute to the complexity of the model. Figure 2.11 shows a very simplistic 
model of a generic AI classifier. The relationship between the input data and 
classification output is usually dependant on some control parameters. Often, these initial 
values are arbitrarily chosen, as the system should theoretically converge to the same 
optimal solution (Bishop, 1995).  
Within a supervised classifier, the classification outcome is compared to the original class 
labels of the input data, and the classification accuracy can be calculated. This 
 
Figure 2.11 A very simple depiction of the learning process of a supervised classifier. The 
labelled training data makes up the input data, and defines the target classification outcome. 
The classification control parameters shown in orange defines the mathematical relationship 
between the inputs and outputs of the classifier. Here an error is calculated as the difference 
between the classification outcome and the ideal outcome. A small change is then made to the 
classification and the cycle repeats, until some target outcome has been reached. 
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represents just one type of objective function; often referred to as a ‘loss’ or ‘cost function’ 
within the machine-learning field (Alpaydin, 2014), which can be used to evaluate the 
performance of the classifier. The outcome of this objective function is then fed back 
through the network to affect how the control parameters are adjusted. The classification 
is then re-run with the new control parameters. This is then repeated until some target 
has been met, e.g. a classification accuracy of 95%. This is somewhat different to the 
application of the DST theory classifier introduced by Beynon et al. (2000) and Jones 
(2004), for which the control parameters are explicitly defined as opposed to optimised 
iteratively.  
2.5.4 Dempster-Shafer Theory 
The Dempster-Shafer Theory (DST) of evidence is founded on the work of Dempster 
(1968) and Shafer (1976). The technique enables decision making in the presence of 
ignorance (Safranek et al., 1990), which is particularly pertinent when classifying OA 
function due to the aforementioned quantity of corroborating and conflicting evidence.  
The DST classification technique and its application to the classification of the gait 
biomechanics of OA subjects, and monitoring of functional recovery following TKR 
surgery has been described in detail by Beynon (2002) and Jones et al. (2006), both 
based at Cardiff University. From hereafter within this thesis, Jones et al. (2006)’s 
specific implementation of the DST classification will be referred to as simply “DST 
classifier”. 
The three main stages of the classification technique, when applied to the classification 
of OA subjects, is summarised: 
1. Input variables are converted into confidence factors. 
2. Each confidence factor is converted into a degree of belief of either healthy, OA 
or uncertainty. This is referred to as the Body of Evidence (BOE). 
3.  The BOE for each variable is combined using Dempster’s rule of the combination 
of evidence. The Combined Body of Evidence (CBOE) represents the calculated 
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probability that each subject belongs to either the osteoarthritic or the healthy 
class, and also the uncertainty.  
So, in other terms, the value of each input variable is converted mathematically into 
evidence within steps 1 and 2, and then this evidence is then summarised within step 3. 
The conversion of individual input variable into evidence has some similarities with that 
of neural networks.  
Within step 1, input variables are converted into a body of evidence by using a sigmoid 
function. The sigmoid function is commonly used as an activation function within neural 
networks to summate the inputs of a neuron, and are also commonly referred to as 
logistic functions within other research fields.  
The function can be defined in its simplest form as: 
 
𝑠𝑖𝑔(𝑥) =
1
1 + 𝑒−𝑣
 (2.1) 
Where v is the input variable. Jones (2004) gave four examples of different sigmoid 
functions which illustrate how the standard equation above can be modified to convert a 
variable value into a ‘confidence factor’ (see Figure 2.13). It can be seen from this figure 
that two attributes of the sigmoid curve are being modified – the steepness (A vs B) and 
the value of v for which the confidence factor is equal to 0.5 (C vs D).  It was argued that 
the steepness of the sigmoid curve should be related to how well the variable 
discriminates between the two groups, e.g. OA vs NP. If all OA subjects had a value of 
v > 40, and NP all were <10, i.e. there was a very strong separation, the sigmoid curve 
of Figure 2.13B might be most appropriate. It has also been proposed that the midpoint 
 
Figure 2.12 A simple depiction of the DST classification process, intended as direct comparison 
with Figure 2.11. The classification control parameters shown in orange are clearly defined by 
the input data, and not affected by classification outcome. There is therefore only one cycle, or 
‘epoch’. The control parameters are therefore defined a priori to reaching a classification 
outcome. 
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of the sigmoid curve should not introduce a bias towards either group (Beynon, 2005). 
These two attributes of the sigmoid curve are altered by Jones (2004) using the following 
equation: 
 
(𝑐𝑓) =
1
1 + 𝑒−𝑘(𝑣−𝜃)
 (2.2) 
 
Where 𝜃 defines the value of x at which cf=0.5, k defines the steepness of the activation 
function, and v is the input variable value. 
Jones explored two definitions of the value of k, both suggested by Beynon and 
Buchanan (2004). One definition suggests that k is the Pearson’s correlation coefficient 
of the input variables and their category label. In practice, this means that if there is more 
separation between the two groups, the higher that variable is weighted; and the closer 
to the boundaries [0,1] the confidence factor will be. Another definition explored was: 
 
𝑘 = ±
1
𝜎
 
(2.3) 
Where σ is the standard deviation of the input and the sign is dictated by whether there 
is a positive or negative association within the data, i.e. determined by whether the 
Pearson’s correlation coefficient is a positive or negative number.  
Following the previous work of Beynon (2002), Jones defined the value 𝜃 as the mean 
variable value of all the subjects, so as not to introduce a bias towards either of the two 
groups. The definitions of k and 𝜃 and their implications within the final classification are 
explored further within Section 3.5.  
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 A B 
 
C D 
 
 
Figure 2.13 Defining the steepness and midpoint of the sigmoid curve using the control factors 
k and 𝜽. Comparing A and B, the value of k is larger, and hence the sigmoid curve is more 
steep. Values v are therefore more likely to convert to confidence factors approaching 0 or 1. 
Between C and D, the steepness is the same, however value of 𝜽  is larger and hence the 
midpoint of the curve at which cf(v)=0.5 is shifted to the right. 
2.5.5 Conversion to a Body of Evidence 
Within the DST classifier, the confidence factor, which is within the range [0,1], is 
converted to a belief in healthy, a belief in OA and an uncertainty by assigning upper ΘU 
and lower ΘL boundaries of probability. This technique is described in more detail in 
Section 3.5.3. Within Jones (2004), varying levels of upper and lower boundaries of 
uncertainty are investigated and it is argued that, for the specific dataset used, the 
optimal boundaries are ΘU =1 and ΘL =0.8. Using these probability boundaries, the 
maximum belief value any one piece of evidence can contribute is 0.2 (20%), and the 
uncertainty is fixed between the range of 0.8 and 1 (80-100%). The argument presented 
by Jones (2004) to choose these boundaries was grounded on the optimal classification 
for the presented dataset, and therefore not universal for other classification tasks. It will 
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become apparent in the next section that the final level of uncertainty is very much related 
to the number of variables within the training set. 
2.5.6 Dempster’s Combination of Evidence 
Once the BOE has been calculated for each variable, belief values are then combined 
using the DST theory of combination of evidence, which can be expressed 
mathematically as: 
 
 
(2.4) 
 
 
(2.5) 
 
 
(2.6) 
Where mi and mj are the BOE of two different variables, with mc being the combined BOE 
resulting from mi+mj, and mi(OA) being the degree of belief of OA within the first body of 
evidence. Perhaps a more intuitive explanation can be found following these steps: 
1. Combine each belief value from m1 with that from m2, following these rules. 
a. Two beliefs of m(OA) multiply to results in a belief m(OA) 
b. Two beliefs of m(NL) multiply to result in a belief m(NL) 
c. A belief of m(OA) multiplied by a belief m(Θ) results in a belief m(OA) 
d. A belief of m(NL) multiplied by a belief m(Θ) results in a belief m(NL) 
e. A belief of m(Θ) multiplied by a belief m(Θ) results in a belief m(Θ) 
f. A belief of m(OA) multiplied by a belief m(NL) becomes unassigned.  
2. Sum all of the resultant m(OA), m(NL) and m(Θ ) individually 
a. Notice they no longer sum to form 1 (100%), as there is now some 
unassigned belief 
3. Divide all the belief values by (1 –g), where g is the unassigned belief resulting 
from step 1.e. You could also divide them by their cumulative total, which is the 
same value. This step scales the belief values such that they add to one. The 
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normalisation factor g can be interpreted as a “measure of contradiction or 
inconsistency” of the combined evidence. 
It appears that uncertainty can only ever decrease when combining new elements of 
evidence using this technique. The final level of uncertainty within the classification must, 
therefore, be highly related to the number of input variables within the classifier, and the 
upper and lower uncertainty boundaries. i.e. the smaller the lower uncertainty boundary, 
for example, the more input variables would be required to reduce uncertainty below, 
say, 50%.  
This theory of combination of evidence is not without its criticism. In fact, the method of 
discarding conflicting evidence and then using a normalisation factor has been shown 
some contexts to product very erroneous results (Zadeh, 1984, Dezert et al., 2012). 
These results occur when the normalisation factor is very high. It is, therefore, important 
to take this into account when determining the validity of the combination (Beynon et al., 
2000). 
As the lower boundary of evidence is currently set at 80%, this effectively limits the size 
of the normalisation factor to: 
 𝑔 = 𝑚𝑖({𝑁𝐿})𝑚𝑗({𝑂𝐴}) + 𝑚𝑖({𝑂𝐴})𝑚𝑗({𝑁𝐿}) (2.7) 
 𝑔 = (0.2)(0.2) + (0)(0) = 0.04 (2.8) 
 
2.5.7 Comparisons with Neural Networks 
Being able to understand and interpret the way an input relates to an output is desirable 
within applied research, particularly when monitoring health outcomes. Interpretation is 
not only necessary in order to learn about underlying mechanisms, it is also necessary 
for the validation of any findings which challenge current opinion (Intrator and Intrator, 
2001). While neural networks have been explored extensively in monitoring health 
outcomes, interpretability of results is challenging (Intrator and Intrator, 2001). This is 
because, unlike in the DST classifier, each activation function is passed a weighted 
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summation of every input. Therefore, when looking back at how, for example, ten 
variables arrived at a classification with one hidden layer of five neurons, all ten variables 
are passed to each of the five sigmoid functions. Contextualising and interpreting the 
clinical relevance of each hidden layer neuron becomes a difficult task. With the DST 
classifier, only one input is passed to each sigmoid function. It is therefore very clear to 
map how each variable contributes to the combined body of evidence.  
Both ANNs and the DST use sigmoid activation functions, although in slightly different 
ways. Within an ANN, the definition of k is not necessary as the inputs have associated 
weights which mathematically have the equivalent function. Also, within ANNs, a ‘bias 
node’ can be added. A bias node acts as an additional input to the neuron, always has 
an input of 1, and itself has an attributed weight which can be iteratively updated. Let’s 
say that a neuron has two inputs, with two weights, the standard sigmoid function would 
equal 0.5 when the combined inputs multiplied by their weights was zero. Now, if a bias 
node was introduced with a weight of -5, the input variables multiplied by their weights 
would now have to also equal five such that sig(x)=0.5. Notice how the ‘bias node’ has a 
similar function to that of  𝜃 within the DST classifier.  
Figure 2.14 shows a schematic of how the DST classifier appears when illustrated in the 
same fashion as is common with neural networks. Notice how each input is passed to a 
separate activation function. Both Jones et al. (2008) and Parisi et al. (2015) have found 
the DST classifier to perform favourably in comparison to neural networks, although 
comparisons are made difficult by the different cross-validation algorithms used. These 
results are promising considering the much more simplistic relationship between the 
input variable and final classification within the DST classification. It also aids clinical 
interpretation that the control parameters use traditional statistical parameters which are 
defining a priori to classification itself. Considering the recommendations of Lai et al. 
(2009), further work is still necessary to improve the ability to graphically visualise the 
trained classifier, and hence aid clinical interpretation of the modelled relationship 
between input variables and classification output.  
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Figure 2.14 A schematic of how Jones (2004)’s DST classifier would look if it was illustrated in 
the same fashion as a neural network. In this illustration, the DST classifier has only two inputs. 
The blue circles represent discrete variables which are merely passed to the processing 
neurons (orange circles).  An input variable is weighted either using the Pearson’s correlation 
coefficient or the standard deviation (Jones, 2004). A bias, 𝜽, is applied using the average value 
for all the subjects. The output of the sigmoid function is in the range [0, 1] and is converted to a 
body of evidence (BOE). The BOE from each input variable is combined using the DST theory 
of combination of evidence. 
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Chapter 3 - Objective Assessment of 
Knee Function During Gait 
 
3.1 Introduction 
This section details the methods used to assess the knee function of non-pathological 
(NP) and osteoarthritic (OA) subjects. The data used throughout the entirety of this thesis 
was collected as part of ongoing research at the School of Engineering, Cardiff 
University. At the time of writing, the collection of gait biomechanics pre and post-TKR 
surgery has been ongoing for at least 16 years. Throughout this period, a number of 
different trained operators have carried out the data collection, following a Standard 
Operating Procedure (SOP). Due to the natural progression of research methods and 
technology, the SOPs have evolved over time. The adaptations to the data collection 
protocols are described in detail by Whatling (2009) and Watling (2014) and represent 
additions to, as opposed to modifications of, the original protocol described by Holt et al. 
(2001). There have also been hardware changes over this period, the most notable being 
the upgrade of the motion capture cameras from eight ProReflex cameras (Qualisys, 
Sweden), to nine Oqus 3 cameras (Qualisys, Sweden). The resultant effect of these 
hardware changes on the accuracy and precision of the motion capture data is not 
quantified within this thesis but is discussed in Section 7.3. The previous key studies 
utilising the Cardiff Protocol to define knee function are listed in Table 3.1, and the 
relevant additions to the protocol are also listed.   
The foundations of the ‘Cardiff Protocol’ for three-dimensional analysis of the tibiofemoral 
joint are defined within Holt et al. (2001).  This technique uses a bespoke MATLAB script 
in order to measure knee joint kinematics using the Grood and Suntay technique (Grood 
and Suntay, 1983). The approach was adopted by Dr Lianne Jones within her PhD work 
in order to assess knee function, before and after TKR surgery, in comparison to NP 
control subjects (Jones, 2004). 
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The next significant development to the Cardiff Protocol was the calculation of knee joint 
moments (kinetics), which was applied by Dr Gemma Whatling. Initially, Whatling 
adapted the pointer method, defined by Holt, in order to calculate both knee kinematics 
and kinetics of stair gait (Whatling, 2009). Whatling adapted the marker set based on the 
CAST marker protocol (Benedetti et al., 1998, Cappozzo et al., 1995), which included 
additional markers to define foot and pelvis segments.  As opposed to further adapting 
the MATLAB script developed by Holt (Holt et al., 2001), Whatling instead used Visual3D 
(C-Motion, USA), an advanced biomechanics analysis software, to assess the 
biomechanical changes at adjacent joints; the hip and the knee.  
Dr Daniel Watling then went on to adopt the latter Visual3D methodology in order to 
classify OA knee function during level gait. As the pointer method was not necessary 
when using the Visual3D method, pointer data was not always collected for NP subjects, 
yet was consistently collected for OA subjects. 
As part of the research team within the Arthritis Research UK Biomechanics and 
Bioengineering Centre, I have continued to collect motion analysis data using the 
methods described by Jones, Whatling and Watling. The aforementioned data 
collections also incorporate a number of different elements, such as additional activities 
of daily living (ADLs) and electromyography; however as this data is not used within this 
Table 3.1 Key previous work at Cardiff University on the functional classification of 
biomechanical knee function, *Only stair gait was processed, **Not collected for all NP 
subjects 
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Jones (2004) ✓   ✓ ✓  ✓  22 20 
Whatling 
(2009) 
✓ ✓* ✓* ✓ ✓ ✓ ✓ ✓* 32 30 
Watling (2014) ✓ ✓ ✓ ✓ ✓ ✓ ✓** ✓ 25 23 
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thesis, the methodologies shall not be further described. While there are notable benefits 
of including the ankle and hip joint within the biomechanical analysis, the inclusion of 
only knee kinematics allows for a much larger dataset. It is proposed that this large 
dataset could be processed and utilised in order to achieve a large enough training body 
of OA and NP subjects, such that the following research aims can be addressed: 
Aim 1: Explore the validity of the classifier control variables 
Aim 2: Explore the sample size required to classify osteoarthritic subjects accurately. 
Aim 3: Assess the reliability of the LOO cross-validation technique as an estimate of 
classification accuracy. 
Aim 4: Assess which biomechanical gait features best discriminate between NP and OA 
gait. 
For a smaller number of subjects, the force plate locations have also been calibrated, 
and hence joint moments can be calculated by adapting the knee kinetic calculations 
adopted by Dr Whatling. Furthermore, Dr Jones did not consider the mediolateral GRF 
within the classification of OA subjects due to technical difficulties during several the data 
collections. The following question will therefore also be addressed: 
Does the inclusion of mediolateral GRF force and knee joint moments have a 
significant impact the ability to classify osteoarthritic subjects? 
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3.2 Data Collection 
3.2.1 Non-pathological Subject Recruitment  
The recruitment of NP volunteers was approved by the Research Ethics Committee for 
Wales and Cardiff University Health Board. Volunteers were recruited via email and 
poster advertisements throughout Cardiff University and the wider South Wales 
community. The criteria for inclusion in the study as a NP volunteer was as follows: 
• No self-reported OA, or pain in the foot, ankle, knee, hip or back. 
• No known difficulty performing ADLs. 
• No history of musculoskeletal conditions which required medical treatment e.g. 
ligament or meniscal tear. 
• No other musculoskeletal, neurological or visual condition which might affect the 
way they move. 
• An ability to give informed consent. 
Any volunteers who expressed an interest in participating were given an information 
sheet. If the volunteer understood the information sheet and was happy to proceed, they 
were asked to sign a consent form. 
3.2.2 Osteoarthritis and TKR Patient Recruitment 
The recruitment of NHS patients with severe osteoarthritis was approved by the 
Research Ethics Committee for Wales and Cardiff and Vale University Health Board. 
These patients had all been listed for TKR replacement surgery. 
The criteria for inclusion in the study as a patient volunteer was as follows: 
• An ability to walk 10m without a walking aid. 
• An ability to give informed consent. 
• No unrelated musculoskeletal, neurological or visual condition which might 
severely affect the way they move. 
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Before taking part in any aspect of the study, patient volunteers were given a patient 
information sheet. If the patient volunteer was still interested in taking part, they were 
asked to sign a patient consent form.  
3.2.3 Gait Assessment 
The gait analysis protocol matched that described by Watling (2014), and is, therefore, 
shall for conciseness only be described in brief. Further information and rationale behind 
the marker placement procedure is given within Section 4.2 . 
Calibration - Before the volunteer arrives, the infrared cameras were calibrated such they 
could calculate their position and orientation relative to one another. Part of this 
procedure involved the definition of the origin and orientation of an orthogonal global 
coordinate system (GCS). The GCS was defined by placing an L-Frame, where the long 
hand of the frame represents the x-axis, the short hand the y-axis, and the vertical and 
mutually orthogonal axis is called the z-axis. The definition of the GCS defined the 
coordinate system within which all the data was then described by the camera system.  
With the L-Frame in place, the camera system was then calibrated by waving a 
calibration wand; which contained two markers, through the intended volume of capture. 
The camera wand was passed through the volume for 45 seconds, as each camera 
recorded the movement of the two markers relative to the L-Frame. The cameras match 
the identified trajectories of the two markers, in order to calculate the disparity between 
their individual views (how differently the markers of the wand and the L-Frame appear 
within their 2D view). This measures disparity across the frames of the calibration trial 
were used to calculate the position and orientation of each camera relative to the GCS. 
The 3D coordinates of the markers  are reconstructed by the multiple cameras, and a 
residual error is calculated which reflects the discrepancies between these 3D 
reconstructed points. If cameras showed residual errors greater than 1mm, the 
calibration procedure was repeated.  
 
 51  
51 Chapter 3 - Objective Assessment of Knee Function During Gait 
The position of the force platforms relative to the GCS was calculated by using two metal 
plates with markers attached, which enabled the calculation of the 3D coordinates at 
each corner of the force platform. This is discussed further in Section 3.3.4, and shown 
in Figure 3.4. This step crucial in identifying accurate COP coordinates, and hence 
calculating knee kinetics.  
Informed consent – The participants were given an information sheet at least 48 hours 
before their first assessment, which explained the purpose of the study, what would be 
expected from them, and how the data would be anonymised and stored. Once it was 
established that the participant has read and understood the information sheet, they were 
asked to sign a consent form, which was signed by one of the lead researchers. 
Questionnaires: The participant was asked to fill in relevant questionnaires regarding 
their knee pain and function. Additional questionnaires were added during the course of 
the study, following ethical amendments, which are described further in Section 5.3.3. 
Clothing: The participant was asked to change into suitable clothing, having been 
advised within the patient information sheet to bring a loose-fitting pair of shorts and t-
shirt. The assessment was carried out without footwear. 
Anthropometrical measures: Height, weight, knee width, depth and knee girth 
measurements were taken. The measurement of height and weight is important for both 
the calculation of BMI, but also the normalisation of joint moments and GRFs. The added 
anthropometrical measures of knee width, depth and girth followed the protocol of Jones 
(2004). The anthropometrical measures were included in the final classification 
presented by Jones, and hence were considered in order to compare initial 
classifications within Section 3.6.1. 
Assessment preparation: Retroreflective markers were attached to the subject using 
hypoallergenic wig tape. The full marker set is discussed in Section 4.2.1. For several 
subjects, EMG analysis was also performed however this data isn’t presented in this 
thesis. The placement of electrodes didn’t affect the marker locations, therefore it is 
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assumed the addition of EMG didn’t affect the calculation of kinematic and kinetic 
parameters. 
Assessment of gait: Participants were asked to walk barefoot at a self-selected pace 
over a 10m walkway. The force platforms were located within the middle third of the 
walkway. If clean force platform readings weren’t recorded, the participant was 
sometimes asked to start slightly further back, and then the measurement was repeated. 
This whole process was repeated until there were at least six clean force platform 
readings for each leg. The participant was not made aware of the existence or location 
of the force platforms; however, they may have been conscious that something was 
different about this area of flooring. This is discussed further in Section 7.1. Following 
the assessment of gait, the subjects were also asked to perform other ADLs such as 
stair-climbing and sit-to-stand. This data, however, is not presented in this thesis. For 
further information, the reader is directed to Chapter 2.3 of Watling (2014), within which 
a comprehensive description is provided.   
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3.3 Optimising the Pointer Method Pipeline 
Previous work at Cardiff University using the DST classifier to define OA knee function 
has had relatively small cohort sizes. This is in part due to the progression towards 
Visual3D processing methods, for which the previously collected data cannot be readily 
used. As previously mentioned, since the original DST classifier development of Jones 
(2004), there has been a large number of subjects collected using the pointer method, 
and hence the opportunity to process this data and add these subjects to the training 
body of OA and NP subjects. It is this data which is used within this chapter in order to 
critique and develop the current Cardiff protocols for the reduction and classification of 
biomechanical data. 
The pointer method used is an in-house custom built set of MATLAB scripts (Holt et al., 
2001) in order to calculate tibiofemoral joint kinematics of tracked data using the joint 
coordinate system proposed by Grood and Suntay (1983). One of the challenges in using 
this technique to process a large number of subjects is that the current pipeline for data 
processing is time-consuming, and lacks the flexibility of reprocessing data in order to 
compute new variables or to modify how variables are calculated. The current data 
processing pipeline is summarised below and shown visually in Figure 3.1. 
1. Run input ‘variables.m’  (calculates kinematics, ground reaction force) 
a. Path of stored data must be set 
b. Force plate columns must be checked and then set 
c. Subject ID must be selected 
d. Height and weight must be input 
e. Good walking trials must be checked from paperwork and input 
f. Good force trials must also be checked and input 
g. Gain and camera frequency must be input 
h. Force plate frequency must be checked from file headers and input 
i. Results must be organised appropriately. 
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Figure 3.1 Schematic of the data processing pipeline. Light green represents the calculation of 
joint kinematics and kinetics using the pointer method, blue represents the application of 
principal component analysis to reduce temporal data, and red represents the application of the 
Cardiff Classifier. 
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2. Run ‘resampleaveraging.m’ (calculates a mean of the six kinematic trials) 
a. Set path 
b. Select patient’s initial 
3. Run ‘resampleaveragingforces.m’ (calculates a mean of the six kinetic trials) 
a. Set path 
b. Select patient’s initial 
4. Run ‘resampleaveragingstancephase.m’ (resamples the forces over stance 
phase and averages them) 
a. Set path 
b. Select patient’s initial 
Good force trials are defined as gait cycles for which there was a clean heel strike and 
toe-off on a single force platform. These are visually checked and noted during the 
motion analysis session and these notes should be referred to when processing data. 
The resultant knee kinematics and kinetics are then stored as tab-delimited text files.  
Previous work has applied PCA in order to reduce temporal data. Before this step is 
possible, it is necessary to collate all the waveforms into tables for all the patients e.g. 
all flexion/extension angles for all of the patients in a single table.  
The processing of data using this method is very time-intensive. This is particularly a 
problem when working with in-house scripts because small changes may be necessary 
when making further developments; however, this would require all of the data to be 
reprocessed from scratch. A solution to this is to introduce software which saves the user 
inputs during processing, such that data can be automatically reprocessed with minimal 
user input. 
While data is quality checked before processing, it is worthwhile quality checking during 
the calculation of motion analysis data. For example, the tracking marker labels can often 
switch during motion trials. This may not be obvious when simply viewing the QTM files 
but becomes more apparent when viewing the calculated kinematics, in which sharp 
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peaks will occur. A further problem is the required time to collate the data in a format 
which is suitable for post-processing.  
3.3.1 Design Criteria for the Development of the Pointer Method Pipeline 
Minimal user input – There are currently many requests for user input during data 
processing. As part of good data management, this information should already be stored 
within a central subject database. The MATLAB software could access this centrally, 
without the need of user prompts.  
Data organisation –  Raw and processed data should be stored in a methodical way, 
using consistent file formats such that it is possible or the MATLAB software to locate 
this data, based on an ID number, within the central database. This also enables the 
potential for automated assimilation of patient data for further processing, such as PCA. 
Inverse dynamics – Previous work by Whatling (2009) adapted the pointer method 
software to include the calculation of knee joint moments during stair ascent and descent. 
The software should be adapted to calculate the knee joint moments during level gait. 
The procedure for calibrating the location of the force platforms has since changed, and 
the software should be adapted to use the raw calibration data which is stored within 
Qualysis Tracker Manager files.  
 
Figure 3.2 A graphical representation of the proposed ideal data management solution. Data 
should be stored in a central methodical way such that they both receive and send necessarily 
processing information to the same central subject database.  
Subject 
database
Raw data
Tracked data
Biomechanical 
analyis
Data reduction
Classification
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3.3.2 Patient Spreadsheet and Data Organisation 
To enable the data processing pipeline to receive information from the subject database, 
it must be stored in a way which can be accessed through MATLAB. It is possible to 
import data from both MS Access and MS Excel databases/spreadsheets; however, the 
use of Access databases requires the use of the Mathworks Database Toolbox™. Due 
to the simplicity of Excel and the author’s familiarity, it was decided that a subject 
spreadsheet would be created within Excel. Table 3.2 shows the proposed layout of the 
spreadsheet. This layout contains all of the information which would normally be 
manually inputted during the MATLAB pointer method.  
Table 3.2 Patient Spreadsheet layout  
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To facilitate the automation of data processing, the data must follow a naming protocol. 
Data for each specific gait analysis visit was saved using the following format: 
• **** \ “Patient type” \ “Patient identifier” \ “Initials” “Visit” \ 
• e.g. D:\Osteoarthritic \#Am\Am 1&2\  
Where #Am is the subject initials, the hashtag indicating that they are the second subject 
with those initials, and 1&2 indicating this to be a pre-operative visit. A three-month post-
op visit is 3&4, six months is 5&6, and 12 months is 7&8. This allows for a MATLAB script 
to be written which can automatically find the data of any subject within the main 
spreadsheet, whilst also organising the results accordingly. Within each of these files, 
there are the following folders: 
Raw data – This is the raw untracked QTM data. This is useful to have if there 
are mistakes in tracking, or if something unusual has occurred with the processed 
 58  
58 Chapter 3 - Objective Assessment of Knee Function During Gait 
file which needs to be checked against the original. The data here will be raw 
QTM files. 
Processed data – This is where the labelled marker data, which has been tracked 
within QTM, is stored. The data in this folder must be saved using a consistent 
naming protocol. This allows it to be located and accessed by an automated 
script, such that data can be collated for further analysis.   
There are a set of scripts within the standard MATLAB library which are designed to read 
(xlsread) and write (xlswrite) Excel files to and from MATLAB. The xlsread command is 
used to load the cell data from Excel into a new array of cells.  
In order to automate the process of data processing, it is useful to process each subject 
within a “for-loop”. The primary for-loop is created such that its value corresponds to the 
row number within the subject database.  The user defines the origin of the main data 
folder e.g. D:\Osteoarthritic\and the script defines the subject data path by using the 
“VisitID” column.  
3.3.3 Knee Kinematics 
Knee kinematics are calculated within the for-loop using ‘kneeangles.m’. This element of 
the software hasn’t been fundamentally changed and therefore, for a detailed 
explanation, please see Jones (2004). The process can be summarised as: 
1. Calculate an LCS for the pointer, and define its transformation matrix relative to 
the GCS. 
2. Using the known diameters of the pointer, calculate the position of the very tip of 
the pointer within the GCS. This identifies virtual landmarks; each can be used 
for anatomical calibration. 
3. Define an anatomical coordinate system (ACS) for each segment using the virtual 
landmarks. 
4. Define a coordinate system for the marker clusters (MCS), and define its 
transformation matrix relative to the ACS. 
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5. Track the movement of the MCS during the motion trial. By assuming the 
transformation between the ACS and MCS for the segment is constant 
throughout the motion trial. 
 
3.3.4 Calculating Knee Kinetics 
Three-dimensional GRF’s were calculated from the signals by modifying the previously 
developed MATLAB software (Holt et al., 2001).  
The relationship between the raw analogue signals and the forces and moments acting 
on the plate are defined by the calibration matrix of the force plate. At Cardiff University, 
the force platforms were upgraded from the original Bertec force platforms (Bertec 
Corporation, Ohio, USA)  . The calibration matrix of these two plates is different, making 
Figure 3.3 Illustration of how the 6 degrees of freedom of the tibia relative to the femur are defined. The 
anatomical marker coordinate systems are defined relative to the marker cluster coordinate systems. 
This transformation matrix (Tma,T and Tam,S) is assumed to be fixed. The marker clusters are tracked for 
every frame of the motion, therefore these transformation matrices (Tgm,T and Tmg,S ) are recalculated for 
every frame.  
 x 
y 
z 
𝑮𝑪𝑺 
Femur LCS 
(Origin actually 
between 
epicondular gaps) 
Tibia LCS 
(Origin actually 
between 
epicondular gaps) 
ሾ𝑇𝑚𝑔, 𝑆ሿ 
ሾ𝑇𝑎𝑚, 𝑆ሿ 
ሾ𝑇𝑔𝑚, 𝑇ሿ 
ሾ𝑇𝑚𝑎, 𝑇ሿ 
Transformation matrix between tibia 
and femur: 
ሾ𝑇𝑡𝑓ሿ =  ሾ𝑇𝑚𝑎, 𝑇ሿሾ𝑇𝑔𝑚, 𝑇ሿሾ𝑇𝑚𝑔, 𝑆ሿሾ𝑇𝑎𝑚,𝑆ሿ 
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it necessary to insert code which made sure that any files after the 1st Jan 2012 used the 
alternative calibration matrix.  
For the older force plates the following calibration matrix is applied: 
𝐶 =
1741 −8.5 3.1 8.7 9.4 0.9
6.8 1748.5 −18.4 −1.5 0.6 −7.1
22.6 −38 3684.2 71.3 −47.1 19.5
0.6 −119.7 −3 1139.7 −2.8 2.7
114.6 −3.3 6.6 4.8 797.2 2.3
1.6 −5.3 −7.6 −8.0 −0.2 411.3
 
 
For the newer force plates, the following calibration matrix is given in the manual: 
𝐶 =
1000 0 0 0 0 0
0 1000 0 0 0 0
0 0 2000 0 0 0
0 0 0 600 0 0
0 0 0 0 400 0
0 0 0 0 0 300
 
 
 The new version of ‘inputforces.m’ takes the Visit Date from the data processing sheet, 
and uses the new calibration matrix if the serial date number is greater than 734869 – 
which corresponds to the 01/01/2012. The GRF data is calculated relative to the 
coordinate system of the force plate. To calculate the external moments acting about the 
knee, it is necessary to identify the location of the force plates within the lab GCS. The 
 
Figure 3.4 Frame used to define the location of the corners of the force plate relative to the lab 
GCS 
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corners of the force plate are identified using a metal frame, as shown in Figure 3.4. 
These markers are labelled within QTM and used to generate the force plate location. In 
doing so, QTM requires the offset distance between the surface of the force plate and 
the centre of the marker – which has been measured as 22.5mm.  
The calibrated locations of the force plates are then stored in the QTM files until the next 
calibration. It is possible to export these as tab-delimited text files. A transformation 
matrix for the force plate is then defined as follows: 
1. Define a vector v1 from corner 3 to corner 2. 
2. Define a vector v2 from corner 2 to corner 1. 
3. Define unit vectors u1 and u2 in the direction of v1 and v2. 
4. Define a unit vector u3 as the cross product of u2 and u1. 
5. Define a unit vector u4 as the cross product of u1 and u3. 
6. Define the centre of the force plate as the intersection of two diagonals.  
7. Define the transformation matrix:  
  
   







1000
OR
T  (3.1) 
 ሾ𝑅ሿ =  ሾ?̂?4 ?̂?1 ?̂?3ሿ (3.2) 
8. Transform the centre of pressure coordinates from the force plate coordinate 
system to the lab GCS: 
 
𝐶𝑂𝑃𝐺𝐶𝑆 = 𝑇
−1 [
𝐶𝑂𝑃𝑥
𝐶𝑂𝑃𝑦
𝐶𝑂𝑃𝑧
1
] (3.3) 
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3.3.5 Estimating the Moments About the Knee 
To estimate the external moment acting about the knee, it is necessary to consider the 
effect of both the GRF and the inertia of the segment. The inverse dynamics approach 
was modified from that used by Whatling (2009). The lower limb was modelled using 
only thigh and shank segments (as shown in Figure 3.6), as no pointer position data is 
recorded for the foot. Previous work by Whatling used the segment inertial parameters 
provided by Zatsiorsky and Seluyanov (1983). These use bony landmarks as reference 
points which don’t correspond to the anatomical landmarks defined in this study.  De 
Leva (1996) defined a series of updated centre of mass and radius of gyration values for 
the shank using the knee joint centre and the lateral malleolus. These have been used 
in this study. 
The primary limitation of this approach is that it ignores the effect of the foot and ankle 
on the resultant moment about the knee. Previous work at Cardiff University has found 
differences in joint moments when calculated using this approach, as opposed to a full 
lower limb model within Visual3D (Whatling, 2009); this may be as a result of the 
Figure 3.5 The calculation a local coordinate system of the force plate (blue). C1-C4 show the default 
numbering of the corners of the force plate in the tab delimited exported of QTM.  Unit vectors u1 – u4 are 
shown next to the force plate. The coordinate system is created using u4 (x), u2(y) and u3 (z). The origin 
of the coordinate system is at the intersection of the two diagonals, O. 
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exclusion of the foot segment. Other limitations are that the regressions, which estimate 
inertial parameters based on segment length, use healthy, Caucasian, college-aged 
males, and may be less accurate when applied to different subject demographics. For 
example, subjects with OA frequently have high BMIs, which would increase the radius 
of gyration of the segments. The inertial parameters are also assumed constant during 
motion, which isn’t always true, particularly for obese subjects whose soft tissues are 
likely to move during impact and motion.   
By summing moments about the centre of mass, the external joint moment M can be 
calculated. In the sagittal plane, this can be defined as: 
 
𝑀𝑥 = 𝐼𝑥 ∝𝑥+ 𝑅𝑧(𝐶𝑂𝑀𝑦 − 𝐾𝐽𝐶𝑦) + 𝑅𝑦(𝐶𝑂𝑀𝑧 − 𝐾𝐽𝐶𝑧) + 𝐹𝑧(𝐶𝑂𝑀𝑦 − 𝐶𝑂𝑃𝑦)
− 𝐹𝑦(𝐶𝑂𝑀𝑧 − 𝐶𝑂𝑃𝑧) 
(3.4) 
 
Where: 
Ix  = Moment of inertia of the shank segment about the x (coronal plane) axis.  
αx = Angular acceleration of the shank segment 
Rz, Ry = Reaction forces at the KJC 
COMy , COMy = Position of the COM in the GCS 
KJCy , KJCz = Position of the knee joint centre in the GCS 
COPy, COPz = Position of the centre of pressure of the GRF in the GCS 
Fz, Fy = The components of the GRF 
 
The moment of inertia I, is determined from Winter (1990) for each plane where: 
I = Shank mass x (radius of gyration)2 
Shank mass was defined based on Zatsiorsky and Seluyanov (1983): 
LLmass=0.433 x Subject weight 
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As previously mentioned, the radius of gyration was calculated using the regressions 
from De Leva (1996). Rz and Ry can be found by resolving forces horizontally and 
vertically. As forces aren’t in equilibrium:  
 ∑𝐹 = 𝑚𝑎 (3.5) 
Hence 
 𝑅𝑧 = 𝑚𝑎𝑧 − 𝐹𝑧 + 𝑚𝑔 (3.6) 
 𝑅𝑦 = 𝑚𝑎𝑦 − 𝐹𝑦  (3.7) 
 
The position of the centre of mass of the shank is adapted from De Leva (1996) as 
40.47% of the distance from the medial malleolus to the lateral epicondylar gap. This 
process can then be repeated for the coronal and transverse plane. The resultant 
Figure 3.6  A free-body diagram for the right shank, showing joint reaction forces Rz and Ry,  
Ground reaction forces Fz and Fy. The diagram also shows the  
tangential (at), radial (ar), and angular (α) accelerations acting about the centre of mass (checkered 
circle), contributing to a joint moment M. This is shown in the sagittal plane – the same calculations were 
performed for the coronal and transverse plane. Reprinted from (Whatling, 2009). 
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moments are then normalised by dividing by both the height and the mass. Moments are 
further normalised in the time domain by resampling to one hundred data points and 
expressing as a percentage point of stance phase. 
3.3.6 Data Verification and Saving 
When processing biomechanical data, there are several sources of errors. Some of these 
can be spotted visually if the user is familiar with both normative and osteoarthritic gait 
data. It is, therefore, important to visually check each kinematic and kinetic waveform 
during batch data processing. Some common errors which can be visually identified are: 
• Marker labelling errors – Sometimes labelled markers’ trajectories swap with 
each other during a motion trial. This obviously leads to sudden changes in joint 
angles and large segment inertial parameters affect joint moments. 
• Force data is in different analogue channels – If the force data doesn’t look 
correct it could be that the data for the second force platform is in different 
analogue channels. There have been times when different sets of channels have 
been used; the additional code has therefore been written, which cycles through 
the other possibilities until the correct analogue data is identified. 
• Force platform incorrectly zeroed – Before heel strike and after toe-off, the GRF 
data should approach zero. If the user indicates the ground reaction force data 
doesn’t appear correct but the correct channels appear to have been selected, 
then the code has been written which attempts to correct the force platform data. 
This is achieved by taking the mean of the last frames of gait cycle, at which point 
there should be no contact with the force plate, and offsetting the rest of the data 
by this value. 
• The subject is walking in the opposite direction – In some cases, data for subjects 
walking along the walkway in the opposite direction to the lab axis was collected.  
To assess this, the code was written which assumes all subjects should have a 
posterior GRF on average during the first third of the gait cycle. If this is not the 
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case, the subject is assumed to be walking in the opposite direction, in which 
case both anteroposterior and mediolateral forces must be flipped. 
All processed data is automatically saved following a file-naming protocol into a folder 
named “Matlab results” within the main data folder. This consistent data organisation 
makes it much easier to catalogue and collate in the later stages. 
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Figure 3.7 The new data processing pipeline Schematic of the data processing pipeline. 
Intended for direct comparison with Figure 3.1. Light green represents the calculation of joint 
kinematics and kinetics using the pointer method, blue represents the application of principal 
component analysis to reduce temporal data, and red represents the application of the Cardiff 
Classifier.  Notable differences are the reduction in steps within the pointer method, and the 
automatic assimilation of into spreadsheets for Principal Component Analysis. 
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3.4 Principal Component Analysis 
Kinematic and kinetic waveforms are further processed using PCA to reduce the size of 
the dataset while retaining important temporal information. A previously developed 
MATLAB software has been adapted in order to calculate PCs. The steps involved in 
performing PCA have been introduced in Section 2.4.1.  A visual way of interpreting 
principal component analysis shall be introduced, and then the steps involved in 
computing them shall be elaborated. 
Figure 3.8 shows actual waveform data of knee flexion during gait for a mixture of NP 
and OA subjects (data from Chapter 3). As discussed in in Section 2.4.1, one method of 
reducing this into fewer discrete variables might be to take maxima and minima, or the 
ROM during stance or swing phase; however, this method involves subjectively 
discarding temporal information. 
The method adopted by Jones (2004) involves treating every percentage point of the gait 
cycle as an independent variable. For n data points, there are n dimensions – therefore, 
for visual illustration, the method will be first outlined using two data points in two 
dimensions. Figure 3.9 shows just two points of the waveform: the knee flexion angle at 
40% and 60% of the gait cycle, plotted against each other for all subjects.  
3.4.1 Standardisation 
Generally, the first step to PCA is to standardise the data (Chau, 2001a). This can be 
calculated by removing the mean and dividing by the standard deviation, and is 
sometimes referred to as the ‘z-score’: 
𝑧 =
𝑥 − 𝜇
𝜎
 
By dividing by the standard deviation, we are effectively scaling the independent 
variables by different amounts. This increases the effect that small deviations, in areas 
of the waveform with low variation, have on the direction of the principal component, and 
 69  
69 Chapter 3 - Objective Assessment of Knee Function During Gait 
decreases the effect that large deviations in areas of the waveform with large variation 
have. Figure 3.10 shows the z-scores of the two variables plotted against each other.  
3.4.2 Correlation Matrix 
The next stage is to calculate the correlation matrix of the data (Chau, 2001a). The 
correlation matrix is the related to the covariance matrix as follows:  
 
𝑐𝑜𝑟𝑟(𝑥, 𝑦) =
𝑐𝑜𝑣(𝑥, 𝑦)
𝜎𝑥𝜎𝑦
 (3.8) 
As the data has been standardised, the standard deviation of both variables is one, 
hence the covariance matrix is the equivalent of the correlation matrix. In this example, 
the covariance matrix is: 
 𝐶 = 𝑐𝑜𝑣(𝑥, 𝑦) = [
1 0.1808
0.1808 1
] (3.9) 
Therefore, the person’s correlation coefficient between the two variables is 0.1808 – a 
very weak correlation.  
3.4.3 Eigendecomposition 
The next step is the Eigen decomposition of this matrix, i.e. the eigenvectors u and the 
scalar eigenvalues λ which satisfy the following: 
 𝐶𝑢 = 𝜆𝑢 (3.10) 
Where u is the matrix of eigenvectors of C, and λ is the diagonal matrix of eigenvalues. 
For an n×n matrix, each eigenvector has n dimensions, and each eigenvalue is a single 
scalar value. We can see that, when a matrix is multiplied by the eigenvector, it results 
in a vector in the same direction as the original eigenvector; however, it is scaled by a 
constant λ. 
This equation can be rewritten as follows: 
 (𝐶 − 𝜆𝐼)𝑢 = 0 (3.11) 
Where I is the identity matrix, which for a 2x2 matrix is: 
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 𝐼 = [
1 0
0 1
] (3.12) 
Therefore, in this example: 
 [
1 − 𝜆 0.1808
0.1808 1 − 𝜆
] [
𝑢𝑥
𝑢𝑦
] = 0 (3.13) 
If u is non-zero, then (C−λI) must be singular, hence the determinant equals zero.  
 |
1 − 𝜆 0.1808
0.1808 1 − 𝜆
| = 0 (3.14) 
 (1 −  𝜆)2 − 0.18082 = 0 (3.15) 
 (1 − 0.1808)2 − 2 𝜆 − 𝜆2 = 0 (3.16) 
This forms the quadratic equation 
 𝜆2 − 2 𝜆 − (1 − 0.1808)2 = 0 (3.17) 
Which has roots  
 𝜆 =  1.1808 𝑎𝑛𝑑 0.8192 (3.18) 
Subbing each of these values into back into Equation (3.13 gives us two possible 
solutions: 
 [
𝑢𝑥
𝑢𝑦
] = [
𝑢𝑥
𝑢𝑥
] when 𝜆 =  1.1808 (3.19) 
 [
𝑢𝑥
𝑢𝑦
] = [
𝑢𝑥
−𝑢𝑥
] when 𝜆 = 0.8182 (3.20) 
By their very definition, there are infinite solutions for each eigenvector; however, what 
is important is their direction. It is usual to take the unit vector form of each vector. 
 
𝑢 = [
1
√2
1
√2
] when 𝜆 =  1.1808 (3.21) 
 
𝑢 = [
1
√2
−
1
√2
] when 𝜆 = 0.8182 (3.22) 
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The eigenvectors are ordered in descending order based on their corresponding 
eigenvalues. In this case, the eigenvector [
1
√2
1
√2
] is the first principal component axis, 
shown in Figure 3.10. The majority of variance is represented along this axis.  The exact 
amount can be calculated from each eigenvalue as a percentage of all of the 
eigenvalues, i.e.: 
 𝜆𝑖
∑ 𝜆𝑖
𝑛
𝑖=1
= 
1.1808
1.1808 + 0.9182
= 0.5904 = 59.04% 
(3.23) 
The linear line of best fit using a least squares algorithm has also been shown in Figure 
3.10. This highlights a very distinct difference between the linear regression and PCA. 
Both techniques minimise the cumulative distance of each point from the vector; 
however, in linear regression, this is minimised in the original y-axis (shown as d1); 
whereas with PCA, the distance of each point orthogonal to the vector is minimised 
(shown as d2). 
3.4.4 Transforming Data Points 
Figure 3.11 shows the data plotted on the new axis: the two eigenvectors, PC1 and PC2. 
Each point can be transformed to the axis system simply by multiplying by the 
eigenvector. This can be referred to as the PC scores. In this figure, the NP subjects 
have been plotted as blue circles and the osteoarthritic subjects as orange. From visual 
inspection, it appears that, while describing less variance, the second principal 
component is a better discriminator between OA and NP subjects. Interestingly this 
matches the findings of (Deluzio and Astephen, 2007). This highlights a challenge when 
discarding dimensions using PCA, because the dimensions which describe the most 
variance within a dataset aren’t necessarily the ones which are best at discriminating 
between different classes within that dataset. It is also worth noting that steps need to 
be taken in order to contextualise the PCs such they can be interpreted.  
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Figure 3.8 Example of knee flexion/extension angle during level gait a combination of OA and 
NP subjects. The angle at two discrete points, 40%, and 60% (dashed lines), are selected for 
the two-dimensional demonstration of principal component analysis.  
 
 
Figure 3.9 The relationship between the knee flexion angle at 40% of the gait cycle and the 
knee flexion at 60% of the gait cycle for a combination of OA and NP subjects.  
 
 
-20
-10
0
10
20
30
40
50
60
70
80
0 10 20 30 40 50 60 70 80 90 100
Fl
ex
io
n
 a
n
gl
e 
(º
)
% Gait Cycle
0
10
20
30
40
50
60
-10 -5 0 5 10 15 20 25 30 35
K
n
ee
 f
le
xi
o
n
 a
n
gl
e 
at
 6
0%
 g
ai
t
Knee flexion angle at 40% gait
 73  
73 Chapter 3 - Objective Assessment of Knee Function During Gait 
 
Figure 3.10 The relationship between the standardised variables from Figure 2.9. The linear 
least squares regression is shown as a dashed line, which minimises the total distance of each 
data point from the line in the y-direction only (d1). The first principal component is also plotted 
as a solid black line and is intended as a direct comparison. As opposed to minimising the 
distance in the y-direction, it minimises the perpendicular distance between the line and the 
data points (d2). 
 
Figure 3.11 The data from Figure 3.12 replotted in the new axis system – PC1 and PC2. OA 
and NP subjects have now been plotted in separate colours, and it appears that the second 
principal component may be a better discriminator of OA.   
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3.4.5 Calculating Factor Loadings 
Factor loadings, component loadings, or correlation coefficients are the correlation 
coefficients between the PC scores in the original axis with the PC scores in the new 
axis system. This can be calculated as:  
 𝐿𝑜𝑎𝑑𝑖𝑛𝑔𝑠 = 𝐸𝑖𝑔𝑒𝑛𝑣𝑒𝑐𝑡𝑜𝑟𝑠 ∙  √𝐸𝑖𝑔𝑒𝑛𝑣𝑎𝑙𝑢𝑒𝑠 (3.24) 
These are the equivalent of: 
 
𝐿 =
(
 
𝑐𝑜𝑟𝑟(𝑠1, 𝑧1) 𝑐𝑜𝑟𝑟(𝑠2, 𝑧1) ⋯ 𝑐𝑜𝑟𝑟(𝑠𝑛, 𝑧1)
𝑐𝑜𝑟𝑟(𝑠1, 𝑧2) 𝑐𝑜𝑟𝑟(𝑠1, 𝑧2) ⋯ ⋮
⋮ ⋮ ⋱ ⋮
𝑐𝑜𝑟𝑟(𝑠1, 𝑧𝑛) ⋯ ⋯ 𝑐𝑜𝑟𝑟(𝑠𝑛, 𝑧𝑛))
  (3.25) 
Where corr (s1, z1) represents the correlation coefficient of all of the scores s1 along PC1 
with the z-scores z1 along the original standardised axis.   
In this example 
 
𝐿1 =
[
 
 
 
1
√2
1
√2]
 
 
 
√1.1808 = [
0.768
0.768
] 
(3.26) 
 
𝐿2 =
[
 
 
 
1
√2
−
1
√2]
 
 
 
√0.9182 = [
0.678
0.678
] 
(3.27) 
 𝐿 = [
0.768 0.678
0.768 −0.678
] (3.28) 
The amount of variance that each principal component represents of each of the 
standardised independent variables can then be calculated as the root of the z-score. 
E.g. the first principal component represents √0.768 = 59.04 % of the variance of z1, and 
√0.768 = 59.04 % of the variance of z2. Note that these values are the same as the total 
variance in this 2D case, due to the nature of PCA on two standardised variables. In this 
special case, the first PC has a gradient of one, and variance represented is equal 
between the two standardised variables, z1 and z2.  
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3.4.6 Expanding from 2D to N-Dimensions  
The previous steps have shown step by step the calculations of a new, uncorrelated 
orthogonal axis system for two independent variables taken from the knee flexion angle 
waveform during gait. The first principal component represents the axis of primary 
variation within the standardised dataset, and the second is orthogonal to the first. In two 
dimensions, of course, there is only one vector which is orthogonal to PC1. If we were to 
include a third point of the waveform, and hence it’s z-score z3, it is easy to visualise a 
3D scatter plot and a 3D eigenvector defining the primary axis of variance. Imagine the 
second PC is ‘constrained’ as being orthogonal to the first 3D vector; there is essentially 
one rotational degree of freedom for which this can occur. Imagine rotating it around this 
degree of freedom, until it defines the primary axis of variation along this axis. Now the 
third PC must be mutually orthogonal to the first two – for which there is only one solution. 
For an interactive 3D example of PCA the reader is directed to Powell (2015). 
This is still only representing percentage points of the gait cycle, meaning that much data 
is being objectively discarded. PCA is therefore performed on all 100 data points. It isn’t 
possible to physically visualise a 100-dimension scatter plot, and therefore imagining a 
100-dimension eigenvector which defines the primary axis of variance is less intuitive. 
Calculating the eigendecomposition of a matrix becomes exponentially more intensive 
as the number of dimensions increases, therefore, computer software such as MATLAB, 
which uses numerical methods, is required to find solutions.  
3.4.7 Optimising the Calculation of Principal Components  
The application of PCA using software developed by (Jones, 2004) was previously a very 
time-intensive process. Each waveform had to be individually collated for each patient 
from the output of the pointer method software and collated into a table. For n patients 
and v variables, it was, therefore, necessary to collate n×v individual waveforms into v 
different files, each containing the waveforms for n patients for a single variable. It was 
then necessary to perform the PCA code on each waveform individually. Additionally, if 
a new subject was collated and the user wished to calculate the PC scores of the subject 
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based on the original eigenvector definitions, it was necessary to run a second piece of 
code for all v variables individually. Therefore, to add five subjects, the code must be run 
n×v times.  
 It was therefore deemed appropriate to create software to automatically generate these 
tables. 
The code ‘pcafilegenerator.m’, written in MATLAB, assumes that the file format outlined 
earlier is maintained. The code uses an identical patient spreadsheet format and 
compiles the waveforms of all the subjects listed on the spreadsheet into a single Excel 
file. 
The Excel file contains a sheet for each variable. Within each sheet, each normalised 
waveform is compiled next to the subject ID for each subject. I.e. all of the knee flexion 
waveforms. This currently collates the ensemble average per subject; information of 
intra-subject variability is therefore lost.  
The PCA code has also been adapted such that the whole process is repeated for each 
sheet of the MS Excel workbook. A results folder is automatically generated and an Excel 
workbook is created for each variable within the PCA. The prefix for the variable name 
is used (e.g. GRF_X_PCAresults.xlsx).  
Within each workbook, eigenvalues, eigenvectors, factor loadings and filtered factor 
loadings are saved on separate sheets. Filtered factor loadings are binary filtered to ones 
or zeros based on the whether or not they exceed the threshold suggested by Comrey 
and Lee (2013) of  >0.71 and <-0.71. 
3.4.8 Retention of Principal Components  
The primary goal in the application of PCA is to objectively reduce the temporal dataset 
into much fewer discrete variables. For n independent variables, PCA results in n 
principal components. I.e. the dimensions of the transposed dataset remain same. It is 
often found, however, that the first few PCs represent the clear majority of variance within 
the dataset.  
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Figure 3.13 shows the relationship between the number of PCs retained and the total 
percentage of variance represented in the knee flexion angle waveforms displayed in 
Figure 3.8. Unlike the previous method adopted by Jones (2004), PCs weren’t initially 
selected using Kaiser’s rule (Kaiser, 1960). The rule, which retains factors (PCs) with an 
eigenvalue of greater than one, has historically been the most commonly used stopping 
rule (Jackson, 1991). It has, however, come under a vast amount of criticism, in part due 
to its tendency to retain too many components which often have no significance 
(Jackson, 1993, Ferré, 1995). In practice, this has very little effect on the resultant 
retained PCs when following the method presented by Jones (2004) because it is 
extremely rare for a PC to pass the second retention rule and to not have also passed 
the first. 
The second retention rule, adopted by Jones (2004), is to only retain PCs which have a 
factor loading above or below the threshold >0.71 and <-0.71 suggested by Comrey and 
Lee (2013). As discussed in previously, the factor loading is equivalently the r value 
between original variables and their new PC scores. The r2 value is, therefore, the 
variance represented by that factor. This results in only factors which represent at least 
50% (±0.712) of the variance of one particular point in the gait cycle being considered.  
 
Figure 3.13 Example of the relationship between the number of PCs retained, and the 
cumulative total percentage variances represented by those PCs. It was commonly found 
throughout this study that the first 10 PCs represent almost 100% of the variance. 
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Figure 3.14 shows the squared factor loadings plotted for the first five PCs against the 
original independent variables – the percentage points of the gait cycle. It can be seen 
from this graph that, using this threshold, PC4 would not be retained for analysis. PC1 
would be interpreted as representing variance from 0-54% of the gait cycle as well as 
96-100%, PC2 as 57-75%, and PC3 as 77-89%. This figure also shows the total variance 
represented at each point of the gait cycle when including these three PCs.   
 
  
 
Figure 3.14 Example of the amount of variance explained, defined by the square of the factor 
loadings, by four PCs at each point in the gait cycle.  It can be seen that PC4 did not pass the 
threshold for consideration. Also shown is the cumulative variance represented by PCs1-3 at 
each point of the cycle.  
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3.4.9 Reconstructing Data Using PCs 
Another method of interpreting the PCs is to reconstruct the data using only the retained 
components. To perform the reconstruction, it is necessary to transform the data back to 
the initial axis system. Figure 3.15 illustrates the process of reconstructing data from PC 
scores. To restore PC Scores back into the same domain as the z-scores, it is necessary 
to multiply the eigenvectors by the PC scores: 
 
𝑍𝑟 = ∑(𝐸𝑖𝑆𝑖)
𝑛
𝑖=1
 (3.29) 
Where Zr is a vector of the reconstructed standardised waveform for one patient, n is the 
number of PCs retained, Ei is an eigenvector and Si is the PC score associated with that 
eigenvector for that single subject.  
It is then necessary to reverse the steps which created the zero mean unit standard 
deviation data. i.e. 
 𝑣𝑟 = 𝑍𝑟𝜎 + 𝜇 (3.30) 
Where vr is a vector containing the reconstructed waveform for one subject, σ is a vector 
containing the original standard deviation of each point of the gait cycle, and μ is a vector 
containing the original mean at each point in the gait cycle. Figure 3.16 displays the 
reconstruction of a flexion extension waveform for a number of subjects using three PCs. 
This aids in visual interpretation of what each PC actually represents. For example, the 
reconstruction using only PC1 appears that this component mostly represents changes 
in stance phase, and shows that subjects with a higher flexion angle at early stance 
phase are likely to maintain this increased flexion through to early swing phase. This 
could often be referred to as a fixed flexion gait and is common in subjects with OA. PC2 
appears to represent mostly the variance during swing phase and shows that subjects 
with a reduced and delayed peak flexion angle during swing phase also tend to have 
less ROM during stance phase. PC3 represents mostly the variance at terminal swing, 
where in subjects with late peak knee flexions during swing are likely to have increased 
angular velocities in terminal swing. 
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Figure 3.15 Illustration of the transformation from the original data, to z-scores, to PC scores, 
and how to transform or reconstruct the original data back from the PC scores. Below each 
stage is a 2D example of how this would look if there were only two independent variables 
within the PCA. 
 
This demonstrates the value in using PCA reconstruction in order to help interpret 
components. Previous biomechanical studies have interpreted PCs by identifying 
subjects with the highest and lowest PC values and analysing their raw waveforms (Reid 
et al., 2010, Kirkwood et al., 2011, Deluzio and Astephen, 2007). The issue with this 
technique is that, say the subject had both a high value of PC1 and a high value of PC2, 
it wouldn’t be possible, by looking at the raw waveform, to discern which PC 
characterises specific waveform features. This criticism has also been made by Brandon 
et al. (2013), whom instead opt to reconstruct the waveform of the subjects with the 
highest and lowest PC values using only the PC of interest.  
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Figure 3.16 An illustrative demonstration of the application of PC reconstruction to knee flexion/extension waveforms. The original data (top left) for all 
subjects is plotted, alongside the reconstruction using PC1 (bottom left), PC2 (bottom centre), and PC3 (bottom right). The reconstruction of the original 
data using all three PCs (top right) displays the visual similarity between features in the original data and the reconstruction.  
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3.5 The DST Classifier 
 
3.5.1 Defining K 
As previously discussed, the DST classifier uses a modified activation function, for which 
the steepness is defined by k: 
 
(𝑐𝑓) =
1
1 + 𝑒−𝑘(𝑣−𝜃)
 (3.31) 
It was also discussed that the factor k is the equivalent of the weighting in a neural 
network. Jones (2004) explored two definitions of k, one relating to the correlation 
coefficient and one relating to the standard deviation (see Section 2.5.4). It was 
concluded that the best definition of k for classifying the test data set was the person’s 
correlation coefficient between the variable value and the category: 
 𝑘 = 𝑐𝑜𝑟𝑟(𝑣𝑖 , 𝐿) (3.32) 
Where vi is the independent variable, L is the column of binary data labels (e.g. either 1 
or 0 depending on OA or NP). 
The value of k is equivalent in function to the weighting used within a neural network (see 
Section 2.5.7). The weighting can be considered to have the following primary function: 
variables that are more likely to be important in the classification can be assigned greater 
contribution to the classification result. Considering this function of the weighting, the use 
of the correlation coefficient makes sense. If there is not much separation between the 
two groups, k would closer to 0, and if the groups were very well separated, the 
correlation coefficient would approach 1 and hence the gradient is steeper. 
Another function of the weighting within a neural network is that, when the inputs have 
different scales or units, the weighting should adjust for this during the backpropagation. 
Therefore, theoretically, if you divided one input variable by five, for example, the neural 
network would reach the same optimal solution; however, the weights attached to that 
variable would be five times larger.  
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One notable shortfall in using the correlation coefficient to define the gradient of the 
sigmoid curve is that it does not adapt to different scales of input data. Figure 3.17A 
shows a sigmoid function defined based on synthesised example training data of NP and 
OA subjects for peak knee flexion angle during gait.  Figure 3.17B shows how the 
sigmoid curve is defined if the variable were to be scaled by a factor of 1/5. It is clear that 
variable values now convert to very different confidence values now after the scaling.  
To expand further, say the correlation coefficient was 0.5. 
 
(𝑐𝑓) =
1
1 + 𝑒−0.5(𝑣−𝜃)
 (3.33) 
If we consider the value of 𝑣 required such that cf  = 0.8 
 
0.8 =
1
1 + 𝑒−0.5(𝑣−𝜃)
 (3.34) 
 
1 + 𝑒−0.5(𝑣−𝜃) =
1
0.8
 (3.35) 
 𝑒−0.5(𝑣−𝜃) = 0.25 (3.36) 
 −0.5(𝑣 − 𝜃)𝐿𝑛(𝑒) = 𝐿𝑛(0.25) (3.37) 
 
(𝑣 − 𝜃) =
𝐿𝑛(0.25)
−0.5
 (3.38) 
 (𝑣 − 𝜃) = 2.77 (3.39) 
Therefore, the confidence factor is 0.8 when the data value is 2.77 greater than the group 
mean. This is completely independent of the scale of the input data.  
The other considered definition of k was 1/STD. This definition doesn’t suffer from the 
aforementioned issue, as the standard deviation is scaled with the data. The use of the 
standard deviation effectively means that if the spread of the data is greater, the sigmoid 
curve will be less steep. A problem with this technique is shown in Figure 3.18. The two 
datasets shown have exactly the same standard deviation; however, the groups  
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A
 
B
 
 
Figure 3.17 Demonstrating the issue with defining the sigmoid curve within the DST classifier 
using only the correlation coefficient. A) Shows the sigmoid curve defined using kc for a 
synthesised example of peak knee flexion during gait for OA and NP subjects. B) Shows the 
very same data scaled by 1/5. It is apparent that these data points now convert t much lower 
belief values as a result of the change in scale.  
 
A
 
B 
 
 
Figure 3.18 Demonstrating the drawback of using the standard deviation alone to define the 
steepness of the sigmoid curve. The datasets plotted within A and B have the same standard 
deviation, however, it is clear that the two groups are more separated within B. Intuitively, the 
sigmoid curve should, therefore, be steeper in this case. 
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are clearly more separated within Figure 3.18B than Figure 3.18A. This technique is 
therefore not considering the separation of the two groups, only the spread of the data 
as a whole. Hence, it is not achieving the primary function of the weighting. It is also 
worth noting that it is effectively achieving the same as the standardisation of data to 
have a unit variance.  
 
(𝑐𝑓) =
1
1 + 𝑒−𝑘(𝑣−𝜃)
 (3.40) 
 
𝑘 =
1
𝜎𝑣
 (3.41) 
 
(𝑐𝑓) =
1
1 + 𝑒
−
(𝑣−𝜃)
𝜎𝑣
 (3.42) 
Where 
(𝑣−𝜃)
𝜎𝑣
 is the equivalent of the difference of v from 𝜃, as a fraction of the standard 
deviation. When 𝜃 is defined as the mean of the variable, ?̅?, then 
(𝑣−?̅?)
𝜎𝑣
 is the equivalent 
of converting the variable to unit variance. 
 A compromise to both techniques might be to combine them and calculate the 
correlation coefficient as: 
 
𝑘 =
𝑐𝑜𝑟𝑟(𝑣𝑖 , 𝐿)
𝜎𝑣
 
(3.43) 
Where vi is the independent variable, and L is the column of binary data labels (e.g. either 
1 or 0, depending on OA or NP) and 𝜎𝑣 is the standard deviation of the independent 
variable.  
One potential consequence this may have is that by multiplying by the correlation 
coefficient, the steepness is always reduced as the correlation coefficient falls without 
boundary -1≤ r ≥1. For example, within the training data used by Jones (2004), the 
average absolute value for k when defined using the correlation coefficient was 0.36, 
and when using the standard deviation was 0.28. Had the two methods been combined, 
the average steepness would have been around 0.1.  
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It is proposed that a constant should be introduced which accounts for this reduction in 
steepness which is, as a result of weighting, using the correlation coefficient. i.e. 
 
𝑘 =
𝑚×𝑐𝑜𝑟𝑟(𝑣𝑖 , 𝐿)
𝜎𝑣
 
(3.44) 
Figure 3.19 shows the absolute correlation coefficients for several variables in a 
synthesised example. It is evident that the average absolute correlation coefficient |𝑟|̅̅̅̅  is 
0.35. On average, by weighting using the correlation coefficients, the value of k would 
become 2.6 (
1
0.35
) times smaller. If the constant m is defined as: 
 
𝑚 =
1
|𝑟|
 
(3.45) 
Where |𝑟| is the average absolute correlation coefficient of all of the variables with their 
class label, the average weighting |𝑟|̅̅̅̅ 𝑚 = 1.  
 
A  
B 
Figure 3.19 A) The magnitude of the Pearson’s correlation coefficient for eight different 
variables plotted on a scale between 0 to 1. The average magnitude of r is 0.35. Here the value 
m is derived.  
B) The same values are now each multiplied by m and replotted between 0 and m. The 
average magnitude of the correlation coefficient is now 1.  
 
 
 
  
|𝑟|̅̅̅̅ = 0.35 =
1
𝑚
  
|𝑟| = 0 |𝑟| = 1 
v1 v5 v6 v8 v3 v2 v7 v4 
|𝑟|̅̅̅̅ 𝑚 = 1 
|𝑟|𝑚 = 0 |𝑟|𝑚 = 𝑚 
v1 v5 v6 v8 v3 v2 v7 v4 
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3.5.2 Defining Theta 
The value theta within the sigmoid activation function of the Cardiff Classifier was briefly 
introduced in Section 2.5.4 and defines the point at which the confidence factor is 0.5. 
This can be proven as: 
When 
 
(𝑐𝑓) = 0.5 =
1
1 + 𝑒−𝑘(𝑣−𝜃)
 
(3.46) 
Thus: 
 𝑒−𝑘(𝑣−𝜃) = 1 (3.47) 
 −𝑘(𝑣 − 𝜃) = 0,   𝑘 ≠ 0 (3.48) 
Hence when (cf)=0.5 
 𝑣 = 𝜃 (3.49) 
Therefore the variable 𝜃 is the value of 𝑣 for which (𝑐𝑓) = 0.5 and the evidence 
supporting the belief of OA is equal to the evidence supporting the belief of NP function 
(Jones, 2004). Beynon (2005) stated that the value of 𝜃 should be chosen using the 
following criteria: 
1. It lessens the distance to all the criterion measurements (all values for that 
variable) 
2. It is not biased towards either class label 
By this reasoning, Beynon chose to define 𝜃 as the mean ?̅? of all the values for that 
variable, and hence under this recommendation was also used by Jones (Jones et al., 
2008).  It holds to reason that, when there are an equal number of subjects within the 
two groups, this mean value achieves both criteria. 
 Figure 3.20 uses data from this chapter to demonstrate a problem with this definition of 
𝜃 when the number of subjects in each group of labelled data is different. The figure 
shows data from 85 OA subjects and 38 NP subjects. The value of 𝜃 has been 
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defined as previously suggested.  While using this value has achieved criterion 1, it has 
failed at achieving criterion 2: the point at which the confidence factor is 0.5 appears very 
much biased towards to the osteoarthritic class label. This is not surprising because the 
larger group will have a greater influence in the value of the mean ?̅?.  
It is hereby suggested that, in the case of imbalanced data class sizes, the point 
equidistance from the mean of each group should instead be taken. I.e. 
 
𝜃𝐴 =
𝑣𝑂𝐴̅̅ ̅̅ ̅ + 𝑣𝐻̅̅̅̅
2
  
(3.50) 
This definition now fulfils criterion 2, as the value of 𝜃 is equidistant from the mean of 
each group and therefore not biased towards either data class. Figure 3.20 shows the 
updated sigmoid curve using the new theta definition. Using the old definition, 25 OA 
subjects incorrectly have a confidence factor of less than 0.5, and 0 NP subjects have a 
 
Figure 3.20 Comparing the effect of the new proposed definitions of the value of θ in the 
definition of the sigmoid curve. The sigmoid curve is plotted using the original theta value,  θ, 
and the two proposed alternatives,  θA and  θSTD. 
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confidence factor above 0.5. Using the new definition, θA, only 12 OA subjects have a 
confidence factor below 0.5 and still 0 NP subject have a confidence factor above 0.5.  
This adjusted definition no longer fulfils criterion 1 – the sum of the absolute distances of 
all the data points from  𝜃 has in fact increased. The average distance of all the points 
from the mean within each category however is much more fairly distributed; although 
not equal due to the difference in standard deviation.  
A further suggested modification to the definition of the midpoint 𝜃 is to account for 
heterogeneity of variance between the two groups. It can be seen in Figure 3.20 that 
there is greater variance of this variable within the OA group in comparison to the NP 
group.  Assuming that both distributions were approximately parametric, this would result 
in a greater misclassification rate in the group with the larger spread. If the midpoint were 
moved proportionally closer to the NP group with the smaller spread, the benefits of less 
misclassified OA subjects would outweigh the costs of more misclassified NP subjects. 
A further definition of the midpoint is proposed: 
 𝜃 = 𝜃𝑁𝑃 + (𝜃𝑂𝐴 − 𝜃𝑁𝑃)(
𝜎𝑁𝑃
𝜎𝑁𝑃 + 𝜎𝑂𝐴
) (3.51) 
Where 𝜃𝑁𝐿 is the average variable value of the NP subjects, 𝜃𝑂𝐴 is the average of the 
OA subjects, σNP is the standard deviation of the NP subjects and σOA is the standard 
deviation of OA subjects. 
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3.5.3 Defining the Uncertainty Boundaries: 
The next step in the classification is to convert the confidence factor representing each 
variable into a BOE using the Dempster-Shafer Theory. The BOE consists of three belief 
functions: 
1. m(OA)   - The degree of belief in OA 
2. m(NP)   - The degree of belief in NP (i.e. healthy) function 
3. m(Θ)   - The associated ignorance (uncertainty) 
The relationship between the belief functions and the confidence factors followed the 
work of Safranek et al. (1990), where: 
 
m(OA) =
B
1 − 𝐴
cf(v) −
AB 
1 − 𝐴
 (3.52) 
 
m(𝑁𝑃) =
B
1 − 𝐴
cf(v) + B (3.53) 
 
m(Θ) = 1 − m(OA) − m(NP) =
1 − 𝐴 − 𝐵
1 − 𝐴
 (3.54) 
Where A represents the dependence of the m(OA) on the confidence factor, B represents 
the maximal support which can be assigned to either m(OA) or m(NP).  Jones (2004) 
states that the values of A and B should be assigned based on knowledge of the upper 
ΘU, and lower ΘL boundaries of uncertainty. These were related to upper ΘU, and lower 
ΘL boundaries of uncertainty as follows: 
 
𝐴 =
Θ𝑈 − Θ𝐿
1 + Θ𝑈 − 2Θ𝐿
 
(3.55) 
 𝐵 = 1 − Θ𝐿 (3.56) 
It is, therefore, possible to assign different values for A and B depending on the variable. 
For example, the user might have previous knowledge of the level of ignorance within a 
particular variable. In the majority of the following research using the DST classifier, the 
same limits have been applied to each individual variable. This is likely because the 
classifier has been used as an objective tool, and the manual selection of A and B for 
each individual variable introduces a level of subjectivity. Furthermore, defining ΘL and 
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ΘU based on expert knowledge is not an instinctive process. For this reason, the same 
values of A and B will also be applied to every variable. 
Another way to understand the effect of the assignment of A and B is to first consider the 
situation where there is zero ignorance, as shown in Figure 3.21. In this instance, the 
belief m(OA) is equivalent to the confidence factor, and m(NP) is one minus the 
confidence factor. As previously discussed OA in a disease with a vast number of 
symptoms and is generally diagnosed through the collection of multiple pieces of 
evidence. Furthermore, all biomechanical variables are interdependent and each one 
considered alone only accounts for a small piece of a much larger picture. It is, therefore, 
unrealistic to expect that any one piece of evidence would result in a 100% belief of OA 
or NP.  
Figure 3.22 introduces uncertainty, or ignorance. The maximal degree of belief any one 
piece of evidence can contribute is 70% and consequently, it would require further pieces 
of evidence to approach a belief of 100%. The upper ΘU, and lower ΘL boundaries of 
uncertainty have been set to 0.3, or 30% in this example; therefore, A=0 and B=0.7.  
Table 3.3 displays an example of two different input variables, gait velocity and peak 
flexion angle, we had two different items of evidence, gait velocity and peak flexion angle, 
for which the confidence values have already be found as 0.5 and 0.6 respectively.  
 
Figure 3.21  The conversion between confidence factor and belief functions m(OA) and m(NP) 
in the case of zero uncertainty/ignorance. 
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Notice how the belief attributed to the peak flexion angle (which by itself would not favour 
either a belief of NP or uncertainty) has both increased the belief m(OA) and the belief 
m(NP), while decreasing uncertainty. Also, notice that while both values have increased, 
the ratio m(OA):m(NP) has decreased. This result is challenging for the following 
reasons: 
i)  There has been a marked decrease in uncertainty: it doesn’t seem intuitive 
that a belief function which favours neither hypothesis would remarkably 
reduce the uncertainty of the classification. If there were multiple pieces of 
evidence which equally supported both OA and NP function, and these truly 
were the only two possibilities, in practice our ignorance or uncertainty would 
not decrease. 
  
 
Figure 3.22  The conversion from confidence factor to a BOE when both upper and lower 
boundaries of uncertainty are 0.3 (30%). 
Table 3.3 Example of the combination of the bodies of evidence from two different variables. 
 cf(v) m(OA) m(NP) m(Θ) 
Gait velocity 0.6 0.42 0.28 0.3 
Peak flexion 
angle 
0.5 0.35 0.35 0.3 
Combined NA 0.5 0.38 0.12 
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ii) The belief in m(NL) increased by a relatively larger amount than m(OA): if we 
were initially quite sure of OA function due to the gait velocity and we then 
find the peak knee flexion angle doesn’t support our hypothesis, either way, 
it might seem intuitive that this would then decrease our relative belief of OA. 
However, what if there was a high amount of error in the measurement of 
peak knee flexion angle? In this situation, the sigmoid curve might have a 
very small steepness coefficient k, and hence a large range of values of v 
would result in a confidence factor approaching 0.5. If multiple pieces of 
evidence, where errors are too large to discern differences were additionally 
combined, not only would uncertainty approach zero, but both m(OA) and 
m(NL) would approach 0.5. This is counter-intuitive when there is the 
possibility that the aforementioned variables might just have a very high level 
of error. 
Figure 3.23 shows the same example as the previous figure, with the addition of an upper 
boundary of uncertainty ΘU, 0.5. Notice that the uncertainty increases as the confidence 
factor approaches 0.5, while both m(OA) and m(NL) change at an increased rate. Notice 
also that there is still a region where both m(OA) and m(NL) can be assigned 
simultaneously.  
 
Figure 3.23 The conversion from confidence factor to a BOE when the upper and lower 
boundaries of uncertainty are 0.5 (50%) and 0.3 (30%) respectively. 
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As mentioned previously, in the absence of a clear objective way of selecting these 
boundaries, Jones (2004) investigated the effect that different uncertainty boundaries 
had on the final classification of a training body of NP and OA subjects. Jones argued 
that, for that specific dataset, the optimal boundaries were ΘU =1 and ΘL =0.8. These 
boundaries and are plotted within Figure 3.24. It can be seen from the figures that the 
value of ΘU affects the rate of change of m(OA) and m(NL) as cf(v) approaches 0.5, and 
the value of ΘL affects the maximum belief one piece of evidence can contribute.   
 
3.5.4 Evaluation of Classification Error 
To assess the reliability of the classification, it is necessary to evaluate the error. It is 
widely known that estimations of errors of data classification techniques are biased if 
they are estimated from the same set of data that was used to define the classification 
parameters (Michie et al., 1994). To test classification robustness, it is, therefore, 
necessary that the data used to test the classification accuracy was not part of the 
training body. Previous work has utilised the Leave-One-Out (LOO) cross-validation 
algorithm (see Figure 3.25) in which (n-1) cases are used to train the classifier and hence 
define the control parameters, and these parameters are used to classify the remaining 
subject (Beynon et al., 2006). This process is repeated n times until each subject has 
 
Figure 3.24 The conversion from confidence factor to a BOE when the upper and lower 
boundaries of uncertainty are 1 (100%) and 0.8 (20%) respectively, as used in the work of 
Jones (2004). 
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been used as test data and classified. The classification accuracy is then determined by 
whether the greater belief value, m(OA) or m(NL), matches the actual class label.  
 
Figure 3.25 Illustration of the Leave-One-Out (LOO) cross-validation technique. A subject is 
removed from the training body, and this becomes the test data. The control parameters 
defined from the training body are used to calculate the belief values of the test data, and these 
belief values are compared to the class label to determine the accuracy. This is repeated n 
times until each subject has been used as test data. 
 
A further test for classification robustness is to adopt a leave-p-out approach. This is 
methodologically the same as the LOO approach, except p subjects are retained as test 
data as opposed using new subjects. One of the challenges using this approach is that, 
for a dataset with n subjects, where p subjects are retained for the test set, there are: 
 
(
𝑛
 𝑝 ) =
𝑛!
𝑝! (𝑛 − 𝑝)!
 (3.57) 
Different combinations. I.e. if we had a dataset of 100 subjects, and we chose to do a 
leave-5-out, there are 75287520 combinations of which the training body can be 
comprised. It is therefore computationally expensive to classify using every single 
permutation. Instead, each sample will be randomly generated a large number of times.  
Test data 
Classification 
accuracy1 
Training data -1 
Training data -1 Test data 
Classification 
accuracy2 
Training data -1 Test data 
Classification 
accuracy
n
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3.6  Results and Discussions 
3.6.1 Classifying Using the Same Variables and Principal Components as Jones 
(2004) 
The new classification pipeline was utilised to increase the training body cohort to a total 
of 85 OA subjects and 38 NP subjects. This represents an additional 65 OA and 16 NP 
subjects. Firstly, the same principal components defined by Jones (Jones, 2004) were 
used to calculate the PC scores of the additional subjects.  The data was classified using 
each definition of control variables k and θ. The results of the in and out-sample 
classification accuracy, alongside the in and out-sample objective function, are shown in 
Table 3.4. 
As predicted, the original definition of θ, (θO), results in poor classification accuracy, and 
is significantly improved by the defining using θA. This is because of an uneven group 
size biasing the definition of the midpoint of the sigmoid curve. There is a slight 
improvement in accuracy when using θS as opposed to θA.  
Table 3.4 Classification results of 85 OA and 38NP subjects using the variables and PC defined 
by Jones (2004), comparing definitions of control variables k and θ 
K definition 
Theta 
definition 
In-sample 
accuracy 
(%) 
LOO 
accuracy 
(%) 
Kc 
θO 84.6 84.6 
θA 94.3 93.5 
θS 94.9 94.3 
Ks 
θO 80 77.2 
θA 90.1 87 
θS 92.2 90.2 
Kc/s 
θO 86.1 86.2 
θA 94.3 93.5 
θS 94.9 94.3 
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Consistent with Jones (2004), ks performed slightly worse than kc and kc/s. The 
performance of kc/s was very similar to that of kc. The two best-performing techniques are 
plotted in Figure 3.26– using the STD adjusted midpoint θS, and using kc or kc/s to define 
the steepness of the sigmoid. There was greater uncertainty when using kc/s, with 
misclassified subjects also being closer to the vertex, representing uncertainty. Despite 
this, and considering similar classification accuracies between the two definitions, the 
definition of KC/S to define the steepness of the sigmoid curve is recommended, as it 
forgoes the aforementioned bias towards variables with a large order of magnitude.  
Table 3.5 shows a comparison of the ranking of variables between this study and that of 
Jones et al. (2008) when using the θS and Kc/s control parameters. The four highest 
ranked variables are the same but they have, however, changed order. Rankings for PCs 
of the internal/external rotation and external rotation angles have dropped considerably, 
and the knee measurements now fall within the top ten ranked variables.  
Table 3.5  Comparison of the rankings of input variables using the 85OA and 38NL within this 
study to those reported for the 22OA and 20NL subjects within (Jones et al., 2008). Only 
information on the top 10 ranked variables was available. 
Rank Input Variable 
Classification 
accuracy (%) 
Rank within 
Jones et al. (2008) 
1 GRF Ant/posterior PC1 93.5 3 
2 Knee Flexion Angle PC2 90.2 4 
3 GRF Vertical PC2 90.2 1 
4 Cadence 80.5 2 
5 ML Knee Width 79.7  
6 GRF Vertical PC1 71.5  
7 Stance percent 70.7 7 
8 Knee Depth 69.9  
9 Average Knee Girth 68.3  
10 GRF Vertical PC1 68.3  
11 BMI 68.3 9 
12 GRF Ant/posterior PC2 65.9  
13 Knee Ad/Abduction Angle PC3 54.5 8 
14 Knee Int/external Angle PC1 54.5 5 
15 Knee Ad/Abduction Angle PC2 53.7  
16 GRF Ant/posterior PC3 50.4 10 
17 Knee Ad/Abduction Angle PC1 49.6 6 
18 Knee Flexion Angle PC1 49.6 
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Figure 3.26 Simplex plots to illustrate the LOO classification of 85 OA (red cross), and 38 NP 
(blue circle), subjects. A) Using the correlation coefficient to define k, and the STD adjusted 
midpoint to define θ. B) Using the new adjusted correlation coefficient to define k, and the STD 
adjusted midpoint to define θ. 
A 
B 
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3.6.2 Updated Principal Components 
As there is a significantly larger cohort of OA and NP subjects, the original PCs defined 
by Jones may not be the optimal components in describing the variance within the new 
dataset. Therefore, the total of 85 OA subjects and 38 NP subjects were used to define 
new principal components using the same methodology as Section 3.4. These updated 
principal components shall now be described: 
Knee Flexion 
The updated definition of the flexion/extension PC is shown in Figure 3.27. The first 
principal component still represents the difference changes in knee flexion during stance 
phase, where OA subjects on average appear to have less peak flexion, extension and 
hence ROM.  Similarly, the second principal component represents an almost identical 
portion early to mid-swing phase. It appears OA subjects tend to adopt both a reduced 
and a delayed peak flexion angle. An additional PC has also been defined towards mid 
to terminal swing, where OA subjects appear to display a slower rate of knee extension. 
The explained variance of the three components was 58.4%, 13.9% and 13.4% 
respectively, resulting in a total representation of 85.6%.  
 
Figure 3.27 Knee flexion angle for NP (solid black, dotted standard deviation), and OA subjects 
(dashed), with regions of retained PC interpretation shaded. 
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Figure 3.28 Reconstruction of the original flexion angle data using only the retained principal 
components, PC 1-3, individually. For each PC, the subject with the highest and lowest PC 
scores are reconstructed, alongside the mean and STD PC scores. 
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The reconstruction of the original data using the PC scores and the PC vectors 
significantly aids the interpretation of principal components.  It can be seen for Figure 
3.28A, that the first PC represents not only the increase/decrease knee flexion during 
the stance phase but also a great deal during swing phase. Before reconstructing this 
PC, we might have assumed that it represented the decreased ROM during stance 
phase of OA subjects; however, this is not the case. Surprisingly, it can be seen from 
Figure 3.28B that the difference of stance ROM is surprisingly better represented within 
the reconstruction of PC2. Again, the reconstruction of PC2 expands our understanding 
of what it functionally represents: it appears that subjects with less ROM during stance 
phase have not only reduced peak flexion angles, but also a delay of those peaks. This 
is very much in agreement with previous findings of the kinematic changes due to OA 
(Astephen et al., 2008a). 
Finally, the third PC is a harder to interpret. It appears that there is a relationship between 
a delay in the peak flexion angles during the swing, and the magnitude of this peak. This 
is a very different relationship to that represented by PC2. A notable difference is that 
this relationship does not correlate to any changes during stance phase, and could, 
therefore, be a potential factor of variation within NP subjects, as opposed to a 
representative of changes due to OA.  
Internal/External Rotation 
The updated PC is used in representing variance within the knee internal/external 
rotation angles, as shown in Figure 3.29. On average, it does not appear that there is a 
detectable difference between OA and NP subjects. Variance within NP subjects also 
appears greatest during swing phase.  The first component represents a similar region 
of variance to that defined by Jones; from load response to the end of initial swing. This 
is a period where we might expect progressive internal rotation, followed by the 
beginning of external rotation from toe-off (Lafortune et al., 1992). A second PC was also 
defined during terminal swing, at which point we’d expect the knee to begin to internally 
rotate again into a  slightly externally rotation position at heel strike (Lafortune et al., 
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1992). The explained variance of the two components was 53.1% and 16.9% 
respectively, resulting in a total representation of 70% of the waveform. 
The reconstruction of each PC is shown in Figure 3.30. The first PC has a similar 
interpretation to that of the first PC of the flexion/extension waveform: it represents an 
increase or decrease of knee external rotation throughout the entirety of stance phase. 
However, there is also an element of increased ROM during swing phase represented 
by the component. It seems that subjects whose knees are further from neutral 
transverse alignment during stance phase are more likely to have increased ROM during 
swing phase.  Reconstructing using the second PC indicates that there appears to be a 
relationship between increased external rotation from weight acceptance to toe-off, and 
increased internal rotation during swing phase and heel strike.  
 
Figure 3.29 Knee internal/external rotation angle for NP (solid black, dotted standard 
deviation), and OA subjects (dashed), with regions of retained PC interpretation shaded. 
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A 
B 
Figure 3.30 Reconstruction of the original ext/internal knee rotation angle data using only the 
retained principal components, PC 1-2, individually. For each PC, the subject with the highest 
and lowest PC scores are reconstructed, alongside the mean and STD PC scores. 
 
Ab/Adduction  
The updated PC is used in representing variance within the ab/adduction angles, as 
shown in Figure 3.31. On average, there does not appear to be any noteworthy 
differences between OA and NP subjects. The region of variance represented by the first 
PC remains the same as that described by Jones. We wouldn’t expect a high amount of 
coronal plane ROM during stance phase in NP subjects (Lafortune et al., 1992); 
however, this value could easily be affected by errors in the identification of anatomical 
landmark and the alignment of the lower limb. The second PC represented a similar 
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region – initial swing. This is generally the period in which the majority of abb/adduction 
occurs in NP subjects. Unlike Jones, a third PC was not identified. The two PCs 
explained a variance of 59.3% and 17.9% respectively. 
Data reconstruction using the two PCs is shown in Figure 3.32. The reconstruction using 
the first PC reveals again a similar interpretation to that of the first PC of the external 
rotation angle: an increase/decrease in the angle throughout the duration of the gait cycle 
and an angle further from neutral during stance phase relating to an increased ROM 
during swing phase. The second PC definition also displays a very similar relationship 
as PC of the external rotation angle; a relationship between increased adduction from 
weight acceptance to toe-off, and increased abduction during swing phase and heel 
strike (and vice versa). 
 
 
Figure 3.31 Knee ab/adduction angle for NP (solid black, dotted standard deviation), and OA 
subjects (dashed), with regions of retained PC interpretation shaded. 
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Vertical Ground Reaction Force 
The region of variance represented by the first PC is different to that defined by Jones et 
al. (2008); both represent changes during midstance, however, the new definition also 
represents the region during second double limb support, as well as loading response 
between the first heel strike transient, and the first peak of the vertical GRF. The second 
PC appears to represent the region between heel off and opposite leg heel strike, 
towards the second peak of the vertical GRF. The third PC appears to represent the area 
towards toe-off, as the limb prepares for swing phase. The three PCs explained a  
A 
B 
Figure 3.32 Reconstruction of the original abb/adduction angle waveforms using only the 
retained principal components, PC 1-2, individually. For each PC, the subject with the highest 
and lowest PC scores are reconstructed, alongside the mean and STD PC scores. 
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 variance of 50.2%, 23.3% and 11.8% respectively, resulting in a total representation of 
85.3% of the waveform.  
The reconstruction of the vertical GRFs using the three identified PCs is shown in Figure 
3.34. The reconstruction of data using the first PC reveals that this component represents 
a reduction in the ‘double peak’ of the GRF.  In NP subjects, the vertical GRF typically 
peaks above 100% of body weight during loading response, as the falling COM of the 
subject is decelerated by the limb, and again during the swing of the opposite leg as the 
COM is accelerated vertically. It appears that the OA subjects maintained a steadier 
vertical position of COM. This was also correlated with a much slower rate of weight 
acceptance, characterised by a longer period until the first GRF peak.  These features 
all appear to be accounted for within the first PC. 
The second PC appears to reconstruct a small amount of variance throughout the 
duration stance phase. If we consider that the first PC has already reconstructed how 
much of a “double” peak pattern exists, this second PC reconstructs variation in absolute 
magnitudes within these patterns. As these forces are normalised to body weight, the  
 
Figure 3.33 Vertical ground reaction force for NP (solid black, dotted standard deviation), and 
OA subjects (dashed), with regions of retained PC interpretation shaded. 
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A 
B 
C 
Figure 3.34 Reconstruction of the original vertical ground reaction force waveforms using only 
the retained principal components, PC 1-2, individually. For each PC, the subject with the 
highest and lowest PC scores are reconstructed, alongside the mean and STD PC scores. 
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accuracy of the measurement of participant weight would likely have a large influence 
on the PC scores of this component. The minimum PC score for this component appears 
to be very far from the standard deviation of all the PC scores. The original waveform of 
this subject was therefore checked, along with the bodyweight; however, the original 
waveform bears little resemblance to that which might be indicated by the second PC. 
This is a challenge when interpreting PCs through individual reconstructions, and is 
discussed further in Section 6.1.2. Finally, the third PC appears to reconstruct differences 
in timing of the initiation of push-off.  
Anterior-Posterior Force 
The region of variance represented by all three PCs of the anterior-posterior force match 
the regions described by Jones et al. (2008), and are plotted in Figure 3.35. The first PC 
represents the region of the anterior and posterior peaks which occur as the COM of the 
subject is decelerated and accelerated in the sagittal plane. The second PC appears to 
represent the region between midstance and midterminal stance. The third PC 
represents the region towards terminal pre-swing. The three PCs explained a variance 
of 50.0%, 28.3% and 8.8% respectively, resulting in a total representation of 87.1% of 
the waveform.  
 
Figure 3.35 Anterior-posterior ground reaction force for NP (solid black, dotted standard 
deviation), and OA subjects (dashed), with regions of retained PC interpretation shaded. 
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A  
B 
C 
Figure 3.36 Reconstruction of the original anterior ground reaction force waveforms using only 
the retained principal components, PC 1-3, individually. For each PC, the subject with the 
highest and lowest PC scores are reconstructed, alongside the mean and STD PC scores. 
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The individual reconstruction of each PC is shown in Figure 3.36. The first PC 
reconstructs the relationship previously mentioned; indicating there is a strong 
correlation between the increase of the first peak of posterior force and the second peak 
of the anterior force. The second PC seems to reconstruct a relationship between the 
earlier timing of the initiation of an anterior force, and a greater magnitude of the anterior 
peak. Again, the minimum value for this PC falls very far from the standard deviation, 
and appears to show an avoidance of an anterior force, and hence a very prolonged 
posterior force. The third PC appears to reconstruct a relationship between a delayed 
peak of the anterior GRF, and the magnitude of that peak. As this component only 
represents a total of 8.8% of the variance and has a relatively small standard deviation, 
this relationship might only be present in a small number of the participants.  
3.6.3 Classification Using Updated Principal Component Definitions 
Following the redefinition of PCs using the increased cohort, the data was collated as a 
training body of NP and OA subjects. The previously included clinical and temporal-
spatial parameters: BMI, stance percent, cadence, were again included in the 
classification, in order to make a direct comparison between the two PC definitions. 
By comparing the results of the newly defined PCs, shown in Table 3.6, with those of the 
original components, shown in Table 3.4, it can be seen that there was a small 
improvement in the largest in-sample classification accuracy achieve (96.7% vs 94.9%). 
There was no increase in the maximal out-sample classification accuracy (94.3%). The 
control parameters which achieved the greatest in and out-sample classification 
accuracy was using kc/s as the weighting/ steepness of the activation function, and θS for 
the bias/midpoint.  
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Table 3.6 Classification results of 85 OA and 38NP subjects using newly calculated 
principal components and scores to those defined by Jones (2004), comparing 
definitions of control variables k and θ 
K 
definition 
Theta 
definition 
In-sample 
accuracy (%) 
LOO accuracy 
(%) 
Kc 
θ 
86.9 86.9 
θA 
93.4 93.4 
θS 
93.8 93.4 
Ks 
θ 
80.9 75.4 
θA 
89.4 85.2 
θS 
91.2 87.7 
Kc/s 
θ 
86.9 86.9 
θA 
93.4 92.6 
θS 
96.7 94.3 
 
3.6.4 Leave-P-Out Classification 
To further assess the robustness of the classification, and evaluate the reliability of the 
LOO cross-validation, a k-fold classification was applied with an increasing number of 
hold-out subjects. The highest accuracy midpoint definition; θS, was used for each case. 
The three different definitions of k are compared. This is a non-exhaustive random 
sampling, where the average accuracy of 500 repeats was taken. The results are shown 
in Figure 3.37. For each value of p, an equal number of NP and osteoarthritic subjects is 
chosen for the validation set.  
It can be seen from Figure 3.37 that the classification accuracy using each technique 
doesn’t vary a great amount as the value of p increases. The classification accuracy 
when defining the steepness of the sigmoid transfer function as kc or kc/s is consistently 
greater than when defined as ks. 
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Figure 3.37 The non-exhaustive leave-p-out classification results for the training body of the 85 
OA and 38NP subjects included in this study. The midpoint definition θS was used, and the 
three different definitions for k are compared. The points represent the average leave-p-out 
accuracy for 500 random resamples.  
 
3.6.5 Increasing the Classification Cohort Size 
To understand further understand how many subjects are required in order to accurate 
classify OA and NP subjects, the DST classifier was tested with increasing cohort sizes. 
For each classification cohort size, the subjects were randomly pooled from the dataset 
and used to classify the remaining data. This was repeated 500 times for each cohort 
size. The results are shown in Figure 3.38. Classification accuracy is surprisingly high 
even with small cohorts and reaches above 90% with only five subjects in each group. 
The classification accuracy seems to shown signs of plateauing towards to maximum 
available of 38 subjects in each group. It is worth noting that due to imbalance in the total 
data pool (86 OA and 38 NP), as the training set size increases, the ratio of OA to NP 
subjects in the test set also increases, until eventually at all 38NP subjects are within the 
training set and the test set comprises of the remaining 48 OA subjects. 
Kc KS Kc/S 
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Figure 3.38 The effect of a change in the number of subjects in each group within the training 
body, and the resultant classification accuracy when used to classify the remaining test data. 
For each subject group size, subjects were randomly pooled from selected from the total 85OA 
and 38NP subjects. This was repeated 500 times for each training body size 
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3.6.6 Adding ML Forces and Moments to the Classification 
Mediolateral Force 
The principal components selected for the ML force and their corresponding regions of 
variance are represented in Figure 3.39. Much of the medial/lateral force is included in 
the first PC; including the lateral peak around the time of the heel strike transient, and 
from terminal loading response towards terminal stance. The second PC didn’t represent 
more than 50% of the variance at any point of the gait cycle, however upon further 
inspection contained useful information. This is a drawback to the selection technique 
adopted by Jones (2004), which is discussed further in Section 4.2.8. The explained 
variance of the three components was 62.3%, 13.5%, 6.8%, respectively, resulting in 
82.6% of the total variance being represented. 
 The reconstruction of the original data using the three PCs individually is shown in 
Figure 3.40.  Much like many other PCs that have been defined, the first PC reconstructs 
a change in magnitude throughout the entirety of stance phase. The mediolateral GRF 
is related to the movement of the centre during the of mass during walking: the COM is 
decelerated within the coronal plane from heel strike to midstance and then accelerated  
 
Figure 3.39  Mediolateral ground reaction force of NP (solid black, dotted standard deviation), 
and OA subjects (dashed), with regions of retained PC interpretation shaded. 
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A 
B 
C 
Figure 3.40 Reconstruction of the original mediolateral ground reaction force data using only 
the retained principal components, PC 1-3, individually. For each PC, the subject with the 
highest and lowest PC scores are reconstructed, alongside the mean and STD PC scores.  
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 towards the other limb in the second half of stance. Both require a medial GRF, and 
deceleration and propulsion phases contribute to the presence of two peaks. The 
movement of the COM in the coronal plane is related to gait velocity and coronal plane 
stability; if the COM moves lateral to the supporting limb this can increase the risk of falls 
(Hof et al., 2005). 
Sagittal Moment 
The principal components selected for the knee flexion moment and their corresponding 
regions of variance are represented in Figure 3.41. The first principal component 
represents most the waveform and includes the loading response, midstance, and 
terminal stance. Within these regions, it appears that, on average, OA subjects have a 
smaller magnitude of both flexion and extension moments. The second PC represents a 
small area before the first peak of the extension moment; where the COM has generally 
progressed over the supporting limb and the COP progresses towards the front of the 
foot. The explained variance of the two components was 54.5% and 16.8% respectively, 
resulting in a total representation of resulting in a total variance of 71%.  
 
Figure 3.41  Knee flexion/extension moment of NP (solid black, dotted standard deviation), and 
OA subjects (dashed), with regions of retained PC interpretation shaded. Moments have been 
normalised and expressed as a percentage of bodyweight*height. 
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A 
B  
Figure 3.42 Reconstruction of the original knee flexion/extension moment waveform using only 
the retained principal components, PC 1-3, individually. For each PC, the subject with the 
highest and lowest PC scores are reconstructed, alongside the mean and STD PC scores. 
Moments have been normalised and expressed as a percentage of bodyweight*height. 
 
The reconstruction of the individual PCs is shown in Figure 3.42. The first PC 
reconstructs an intuitive relationship between an increased flexion moment during 
loading response and midstance, and an increased extension moment during terminal 
stance. There also appears to be a relationship between a decreased peak of the flexion 
moment, and an early transition towards an extension moment. The second PC 
reconstructs mainly the extension moment peak towards terminal stance without 
affecting the flexion moment peaks, indicating that some subjects may avoid the 
extension peak without affecting the rest of the sagittal knee moment. 
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Coronal moment 
 The principal components selected for the knee flexion moment, and their corresponding 
regions of variance, are represented in Figure 3.43A. The first PC represents most of the 
variance throughout the duration of stance phase, during which it appears that, on 
average, OA subjects have an increased adduction moment. The second PC appears to 
represent only a small amount of variance towards the very end of stance phase. The 
explained variance of the two components was 80.3% and 6.8% respectively, resulting 
in a total representation of variance of 81%. 
The reconstruction of the waveform using the two selected PCs is shown in Figure 3.44, 
B & C. The first PC reconstructs the change in magnitude of the adduction moment 
throughout the entirety of the stance phase. While subtle, it also appears that an 
increased magnitude of the adduction moment may be related to a small abduction 
moment towards toe-off. The reconstruction using the second PC accounts for very small 
changes in the amount of a dip between the two adduction moment peaks, as well as 
what appears to be differences in timing of these peaks.  
  
 
Figure 3.43 Knee adduction moment of NP (solid black, dotted standard deviation), and OA 
subjects (dashed), with regions of retained PC interpretation shaded. Moments have been 
normalised and expressed as a percentage of bodyweight*height.  
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Figure 3.45 Reconstruction of the original knee adduction moment waveform using only the 
retained principal components, PC 1-3, individually. For each PC, the subject with the highest 
and lowest PC scores are reconstructed, alongside the mean and STD PC scores. Moments 
have been normalised and expressed as a percentage of bodyweight*height. 
 
Transverse Moment 
The principal components selected for internal knee moment and their corresponding 
regions of variance are represented in Figure 3.46. The first principal component 
represents the region of loading response and the second half of stance; where typically 
a peak external and internal moment would occur respectively (Brandon and Deluzio, 
2011). The second PC appears to represent a region of variance towards the end of 
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loading response and the beginning of midstance. The explained variance of the two 
components was 60.9% and 25.8% respectively, resulting in a total variance of 87%. 
The reconstruction of the waveform using the two selected PCs is shown in Figure 3.47. 
The reconstruction of the first PC shows an unexpected relationship between the first 
and second peaks of the transverse knee moment: if the first peak is an internal moment, 
the second peak is more likely to be an external, and vice versa. Other studies on 
transverse knee moments find NP subjects generally have a biphasic transverse moment 
with an external first peak and an internal second peak, which reduce in magnitude with 
severe OA (Brandon and Deluzio, 2011). One potential cause which could have resulted 
in this unexpected finding was that the positive definition of the knee moment might have 
been defined differently for each leg. The MATLAB code was double-checked, and this 
wasn’t the case. Also, the transverse knee moments for the NP subjects, where the right 
knee was used, was compared to those of the left knee and no pattern of inverted sign 
convention was visible. The results for the transverse knee moments will therefore still 
be considered but will be treated with caution.  
 
 
Figure 3.46 Knee internal moment of NP (solid black, dotted standard deviation), and OA 
subjects (dashed), with regions of retained PC interpretation shaded. Moments have been 
normalised and expressed as a percentage of bodyweight*height.  
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The second PC also appears to show a relationship between an internal moment 
throughout the beginning of stance, and an external moment during terminal stance. The 
second PC, however, reconstructs a prolonged internal or external moment throughout 
midstance, and hence a later transition towards the second peak.  
 
 
Figure 3.47 Knee internal moment of NP (solid black, dotted standard deviation), and OA 
subjects (dashed), with regions of retained PC interpretation shaded. Moments have been 
normalised and expressed as a percentage of bodyweight*height.  
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Classification Results 
The classifier was trained on the retained PCs of the 18 NP and 20 OA subjects for whom 
joint moments and mediolateral forces could be calculated. The results of the LOO 
classification accuracy are shown in Table 3.7. Also shown, for a fair comparison, are 
the classification results when trained with the same subjects but without the additional 
joint moments and mediolateral force data added.  
Similarly to the previous two datasets, the KC/S  and KC definition consistently achieved 
more favourable results than that of KS. The definition using KC/S achieved slightly greater 
LOO classification accuracy than KC when using the expanded variables. Overall, the 
KC/S  definition also performed most accurately when using the original variables, despite 
LOO accuracy being lower for θ and θA definitions.  
The original definition of the midpoint of the control function used by (Jones, 2004), θO, 
didn’t perform as poorly as in the previous datasets. This is because the two groups were 
of similar size (18 vs 20) and the global average was therefore only slightly biased 
towards the OA group. As in the previous two datasets, the θS proved the best-performing 
theta definition, followed by θA. 
Table 3.7  Classification results of the 20 OA and 18 NP subjects for which it was possible to 
calculate mediolateral GRF and joint moments, using the PCs defined within this study, 
comparing definitions of control variables k and θ. 
  LOO classification accuracy (%) 
K definition Theta definition Moments added Without moments 
Kc 
θO 97.4 94.7 
θA 100 94.7 
θS 100 97.4 
Ks 
θO 94.7 92.1 
θA 94.7 89.5 
θS 94.7 89.5 
Kc/s 
θO 100 92.1 
θA 100 92.1 
θS 100 100 
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Table 3.8 The ranking of classification input variables in for the 20 OA and 18 NP subjects for 
which it was possible to calculate mediolateral GRF and joint moments, using the PCs defined 
within this study. The additional PCs defined within this section are highlighted in bold. 
 
Rank 
Classification 
accuracy (%) 
Variable 
1 97.4 GRF Ant/posterior PC1 
2 89.5 GRF Vertical PC1 
3 81.6 Average Knee Girth 
4 81.6 
Knee Flexion Moment 
PC1 
5 81.6 Knee Flexion Angle PC2 
6 81.6 GRF Mediolateral PC2 
7 76.3 AP Knee Depth 
8 73.7 
Knee Int/external 
Moment PC1 
9 71.1 GRF Mediolateral PC3 
10 68.4 ML Knee Width 
11 68.4 
Knee Ad/Abduction 
Moment PC1 
12 68.4 
Knee Flexion Moment 
PC2 
13 63.2 
Knee Int/external Mom 
PC2 
14 60.5 GRF Vertical PC2 
15 57.9 
Knee Ad/Abduction Angle 
PC1 
16 57.9 
Knee Int/external Angle 
PC2 
17 55.3 GRF Mediolateral PC1 
18 55.3 
Knee Ad/Abduction Angle 
PC2 
19 52.6 Knee Flexion Angle PC1 
20 52.6 
Knee Ad/Abduction 
Moment PC2 
21 52.6 GRF Ant/posterior PC2 
22 50.0 Knee Flexion Angle PC3 
23 50.0 GRF Ant/posterior PC3 
24 47.4 
Knee Int/external 
Moment PC2 
25 47.4 GRF Vertical PC3 
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Figure 3.48 Simplex plots to illustrate the LOO classification of 20 OA (red cross), and 18 NP 
(blue circle), subjects, A) Using the original input variables selected by (Jones, 2004), and the 
updated PC definitions of Section 3.6.2  B) Using the addition of mediolateral GRF and knee 
joint moments. In both instances, the Kc/s and the θS control parameter definitions have been 
used. 
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3.7 Conclusions 
3.7.1 Exploring the Validity of the Classifier Control Variables 
Within this study, previous MATLAB code has been edited and new bespoke code has 
been written in order to significantly automate and streamline the process of calculating 
tibiofemoral joint kinematics and kinetics, to reduce temporal waveforms using PCA, and 
to classify HMA data.  This has facilitated the data processing of a huge cohort of 
subjects; some collected within the duration of this study, but most collected prior to the 
study commencing. This increased the cohort to 85 OA and 38 NP subjects. 
Within this chapter, the control variables used in previous DST classifier studies have 
been investigated, and particular concerns have been expressed regarding the validity 
of the choice of two of the control variables; k – which defines the steepness of the 
sigmoid activation, and θ – which defines the midpoint at which the control function is 
0.5. Alternative definitions have been reasoned and proposed for these activation 
functions. 
It has been shown that one of the suggested definitions of k proposed by (Beynon et al., 
2000), as the inverse of the standard deviation (kS), has the same effect as normalising 
the input variables to a unit variance. This is a common standardisation technique used 
in other classification techniques, such as in Neural Networks and the Gillette Gait Index, 
ensuring no bias is given towards datasets of larger magnitudes of scale. It has been 
shown that the use of only the correlation coefficient to define k (kc), as proposed by 
(Beynon, 2002) and found most accurate within Jones (2004) produces a bias which 
could result in variables with smaller magnitudes of scale having limited contribution to 
the classification outcome. A new definition has been suggested, incorporates both the 
standardisation using the standard deviation and an adjusted weighting using the 
correlation coefficient (KC/S). This new definition has consistently improved the 
performance of the classifier on the three datasets tested. The improvements have been 
more modest in comparison to the kc definition; however, most importantly, the new 
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definition eliminates the bias while still maintaining equal or greater classification 
accuracy.  
3.7.2 Exploring the Sample Size Required to Classify Osteoarthritic Subjects 
Accurately. 
The increased cohort of 85 OA and 38 NP subjects were used to explore and estimate 
the required sample size to accurately distinguish between NP and OA subjects using a 
combination of clinical (knee joint measurements, BMI), temporal-spatial (cadence, 
stance/swing percent), and tibiofemoral kinematics. This was achieved by randomly sub-
sampling subjects from the full dataset as the ‘training’ cohort, and then testing their 
accuracy at classifying the remaining subjects. This was repeated 500 times for each 
size of the training body. 
The results indicate that, surprisingly, both the classification accuracy and the variability 
of that accuracy within the 500 repeats appears to begin to plateau quite early; at around 
ten subjects in each group. This indicates that to build a training body for the classification 
of pathologies with severe gait abnormalities, such as late-stage knee OA, a small initial 
training body may be sufficient.  
One of the limitations of this study is that the variability of individual subject classifications 
was not analysed. There is a possibility that, while the classification accuracy might not 
vary a large amount between different repeats of the random subsamples, the individual 
BOE of each subject might alter significantly. For example, a subject could hypothetically 
be classified as 90% B(OA) when using one subsample and 55% when using another, 
and while the classification accuracies might be the same, the individual BOE has 
significantly changed. If the classifier is being used as an objective tool to quantify the 
overall change in knee biomechanics, it is important to know how dependent this 
objectively measured change might be on the specific ‘training body’ of OA. 
 127  
127 Chapter 3 - Objective Assessment of Knee Function During Gait 
3.7.3 Assess the Reliability of the LOO Cross-Validation Technique as an 
Estimate of Classification Accuracy. 
Classification techniques are subject to over-fitting; which occurs when the classification 
rules model relationships which only exist by chance within the sampled training data. In 
this instance, the accuracy of a classifier was, for example, 95% accurate at classifying 
the ‘training’ data, might perform very poorly  
The LOO cross-validation algorithm is a useful method for validating the robustness of 
the classification because it maximises the amount of training data used but has been 
criticised in certain applications as it can under-estimate classification errors. This is in 
part due to the self-similarity of the n-1 training cohort which is used to validate the 
remaining one subject.  
A non-exhaustive leave-p-out classification was therefore performed with 500 repeats 
for each value of p.  The classification accuracy was consistent between different leave-
out groups, tested as a maximum of leave-20-out. This suggests that the LOO 
classification accuracy may be a reliable estimate of classification accuracy for this 
dataset. This could reflect the fact that, unlike other classification techniques, such as 
neural networks, there is only one iteration and over-fitting may, therefore, be less of a 
concern. Neural networks use a backpropagation algorithm in order to make small 
modifications to the classifier rules until an optimal classification is achieved. This may 
result in overly complex models which aren’t reflective the real-world data. By 
comparison, the resultant DST classification is achieved due to a combination of the a 
priori definition of classier control parameters, alongside the application of imprecise 
probability using Dempster-Shafer Theory. This classification technique is still subject to 
over-fitting. One example in the use of Pearson’s correlation coefficient is used in the 
definition of the sigmoid function: a high correlation could be present in the dataset and 
hence be highly weighted within the classification. If this correlation was present by pure 
chance, it would be successful in classifying the training data but would perform poorly 
on real-world test data.   
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3.7.4 Does the Inclusion of Mediolateral GRF Force and Knee Joint Moments 
Have a Significant Impact the Ability to Classify Osteoarthritic Subjects? 
The tibiofemoral joint knee kinetics during gait were calculated by modifying the 
previously written code which calculates knee kinematics using the Grood and Suntay 
JCS approach. The calculation of knee joint forces requires knowledge of the force 
platform relative to the lab GCS, allowing the centre of pressure to be transformed from 
the force platform LCS to the lab GCS. The eventual cohort was much smaller than the 
previous dataset, consisting of 20 OA and 18NP subjects.  
The classification accuracy was improved significantly by the addition of knee kinetics 
and the mediolateral GRF, achieving the greatest LOO accuracy of 100%. Two PCs of 
the mediolateral force, one PC of the knee flexion moment, and one PC of the internal 
knee moment were all within the top 10 ranked variables of the classification. 
Surprisingly, the most influential PC of the knee adduction moment was ranked at only 
11th. 
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3.8 Clinical Summary  
Osteoarthritis of the knee can be the result of, and can result in, altered biomechanics 
during ADLs. Measuring and monitoring these biomechanical changes allows the 
quantification of a construct of physical function that isn’t currently collected during self-
reported assessments. There are obvious challenges to the adoption of HMA, notably 
the cost of equipment, level of expertise required, time and other resource costs for each 
assessment. There are also numerous analytical challenges once the data is collected. 
Consider the following three challenges: 
1. Data reduction: Kinetics and kinematics are temporal, and traditionally 
normalised to 100% of the gait cycle. There are too many values per variable for 
statistical analysis/comparisons to be made. The data must, therefore, be 
reduced in some way. 
2. Data classification/summation: Joint biomechanics are, by their nature, highly 
influenced by changes in other joints. Hip, knee and ankle kinetics and kinematics 
are therefore very influenced by knee OA, and each only tells one part of the 
story. It is therefore in some instances useful to provide a summary measure 
which considered these factors. 
3. Validation: Classification techniques are subject to over-fitting, or rather inferring 
relationships which incidentally exist in the example data, and don’t exist in the 
whole population. Similarities can be drawn between over-fitting and type II 
errors. Tests of robustness are often challenging as datasets are typically small, 
however, are critical for the prevention of spurious findings.   
3.8.1 Key methodological developments: 
Data reduction - This chapter has explored the application of PCA, a data reduction 
technique, to first reduce a large biomechanical dataset before further classifying. This 
can be seen as an alternative technique to subjectively choosing discrete metrics from 
individual waveforms – e.g. ‘peak knee flexion during swing’, ‘knee ROM during gait’, 
etc. The research presented also reveals that previously adopted methods of interpreting 
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PCs by considering the ‘factor loadings’, which represent how well each PC reconstructs 
the original data at each time point, can actually result in misinterpretations (see Section 
6.1.2). Data reconstruction is therefore recommended to aid clinical interpretations of the 
biomechanical features characterised by PCA.  
Data classification: The framework of DST theory adopted to summate biomechanical 
information. Small methodological changes were made to the control parameters to 
counteract a bias which is introduced when classifying certain sets of data, particularly 
when data is of different scales of magnitude, data set sizes are uneven, and variance 
is not equal between the OA and NP groups.  
Validation: Previously, a LOO cross-validation technique was applied to assess the 
classification performance on unseen data. It appears that less conservative techniques 
such as leave-10-out cross-validation results in similar classification accuracies. This 
increases the confidence in the validity of the results, however, further tests on a larger 
cohort of unseen data would be required to further validate the classification.  
3.8.2 Key clinical findings 
. When classifying 85OA and 38NP subjects using the same input variables defined by 
(Jones, 2004), the variables/features which were ranked highest in the classification of 
OA were: 
1. The magnitude of the anteroposterior GRF peaks during weight acceptance and 
push-off (93.5% accuracy). 
2. The ROM of the knee during stance phase, which is correlated with both a 
reduced and a later peak knee flexion (90.2% accuracy) 
3. The reduction in the double peak, and hence trough of the vertical GRF. This was 
also correlated with a slower rate of weight acceptance (90.2% accuracy). 
4. Cadence, i.e. steps per minute (80.5% accuracy) 
5. Mediolateral knee width (79.7% accuracy). 
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The inclusion of mediolateral GRF and joint moments on a smaller cohort of 20 OA and 
18NP subjects revealed that most discriminative knee kinetic feature was a reduction in 
external knee flexion and extension moments. This correlates with the previously 
observed reduction in anteroposterior GRFs. The next most discriminative feature was 
perhaps surprisingly the internal/external knee moment. Transverse knee moments are 
infrequently reported in the literature, perhaps due to the associated measurement 
errors. The reduction in the magnitude of transverse moments in OA subjects has 
previously been reported (Brandon and Deluzio, 2011), however on average the OA 
subjects were well within the normative range of NP subjects. The identified 
biomechanical feature appeared to represent a relatively more external knee moment 
during the first half of stance, and more internal during swing phase. This is perhaps a 
challenging feature to interpret – clinically if the knee moment is “relatively more external” 
than NP subjects, however, is still an internal joint moment, the joint moment would be 
termed as “reduced”. A reduction in gait velocity is strongly correlated with a reduction in 
the magnitude of knee joint kinetics, perhaps most easily explained by the decrease in 
accelerations and decelerations of the body.  
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Chapter 4 - Classification of 
Osteoarthritic Hip, Knee and Ankle 
Gait Biomechanics 
4.1 Introduction 
One of the overall aims of this thesis is to develop a robust classification of osteoarthritic 
biomechanical function during level gait. The previous chapter outlined limitations of the 
Cardiff Classifier control variables, and demonstrated appropriateness of LOO 
classification and classification cohort sizes. It also outlined the usefulness of PCA 
reconstruction in greater understanding and contextualising the contribution and clinical 
relevance of the PCs selected for further analysis. 
One of the limitations of the previous chapter was the consideration of only the 
kinematics and kinetics of the affected knee. OA of the knee is a bilateral disease, which 
is known to affect the hip, knee and ankle kinematics and kinetics of both the affected 
and unaffected leg (Metcalfe et al., 2013).  
As previously mentioned and further described in Section 3.2, in 2006 additional markers 
were added to the TKR data collection SOP at Cardiff University which enables the 
calculation of hip and ankle kinematics and kinetics in addition to those of the knee. The 
ultimate aim is to quantify biomechanical recovery following TKR, and hence changes in 
biomechanical function of the hip and the ankle may be clinically important and relevant 
in assessing functional outcomes.  
This chapter aims to explore and develop the techniques for reducing and classifying 
biomechanical level gait data, and follows on from the previous chapter as a continual 
development of methods. This chapter utilises a software package called Visual3D (C-
motion). While the software could have been custom tailored to follow the joint segment 
definition and tracking methods of the previous chapter, the opportunity has instead been 
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taken to adopt more advanced segment definitions, which are more in-line with current 
research practices.   
Some of the changes in methodology are likely to affect the resulting knee kinematics 
and kinetics. One of the changes in methodology is the definition of the anatomical axis 
of the femur. Previously, the line between the upper border of the greater trochanter to 
the midpoint of the medial and lateral epicondyles was used to define the proximal/distal 
axis of the femur. It isn’t known to what extent these changes will alter resulting 
biomechanical variables. As PCA is sensitive to differences in shape as well as 
magnitude, it also isn’t clear to what extent this would affect the PC scores used for 
classification. One of the aims of this chapter is therefore to assess the appropriateness 
of previously defined PCs in representing variance between subjects. 
The study reported in this chapter has two aims and hypotheses as follows: 
Aim 1: Assess the appropriateness of previously defined PC in representing variance 
between subjects collected with the updated methodology.  
Hypothesis 1: The methodological changes will affect the appropriateness of the PCs 
of the knee kinematics and kinetics, but shouldn’t affect those for the GRF. 
One of the considerations when classifying data between two data groups is the 
consideration of differences in demographics. The matching of relevant subject 
demographics is generally recommended when attempting to identify statistical 
differences between groups. In the UK, the median age of patients undergoing TKR 
surgery is 70 years, with an interquartile range of 64-76 years old. Numerous studies 
have shown biomechanical changes in level gait associated with ageing in NP subjects. 
These changes are well-reviewed within Prince et al. (1997) and Moreland et al. (2004), 
which highlight physiological changes such as reduced muscle mass and strength, gait 
velocity, sagittal lower limb ROM, and sagittal plane moments. These may be a result of 
the vast amount of biological changes in the joint due to a natural ageing process, such 
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as sarcopenia; however, they could also be due to underlying comorbidities which the 
subject may not be aware of. 
The ultimate aim of this thesis is to objectively define changes in biomechanical function 
following TKR surgery. The presence of age-related biomechanical changes in NP 
subjects raises an important consideration when classifying function. Therefore, should 
improvement in biomechanical function be defined as: 
1. Restoration towards NP young/middle-aged gait biomechanics? 
2. Restoration towards NP age-matched/elderly gait biomechanics? 
3. Restoration towards an envelope of healthy gait biomechanics, which includes a 
range of ages of NP gait? 
Previous research in classifying osteoarthritic level gait kinematics, presented within 
Watling (2014) also found statistically significant biomechanical changes relating to 
ageing. This motivated a decision to consider only young and middle-aged non-
pathological subjects within the non-pathological training body, such that it represented 
a homogenous control cohort of NP biomechanics. 
While some biomechanical characteristics of ageing are similar to those of OA, many 
features of OA are more specific to the mechanisms of the disease, and are not reported 
in the elderly subjects. Figure 4.1 shows a simplified illustration of the biomechanics of 
healthy (young/middle-aged), elderly healthy, and osteoarthritic function. Healthy 
subjects are symbolically shown as the smallest circle, as we would expect the greatest 
homogeneity within this cohort. As introduced in Section 2.1, OA is a very complex and 
multifactorial disease associated with several comorbidities and degradation of 
surrounding joints, often because of biomechanical adaptations. It is therefore 
symbolically shown as the largest circle.  
The figure displays commonalities and differences between: 
1. Healthy vs elderly gait 
2. Healthy vs osteoarthritic gait 
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3. Elderly vs osteoarthritic gait 
We can see that, if we combine elderly and healthy gait, and classify differences between 
this combined cohort and OA gait, the top-ranked discriminating variables should 
theoretically exclude shared characteristics between OA and either of the healthy 
cohorts, as shown in Figure 4.1. This study therefore proposes the use of a combined 
healthy adult cohort across a broader age range as that investigated by Watling (2014). 
Aim 2: Assess the validity of a combined healthy and elderly cohort in classifying OA 
subjects. 
Hypothesis 2: A combined elderly and healthy cohort will favour input variables which 
discriminate between OA and healthy, but aren’t related to ageing. The belief of healthy, 
B(NP), will not, therefore, be significantly correlated to ageing.  
 
 
Figure 4.1  A) Simplified illustration of an overlapping in function between healthy, elderly and 
osteoarthritic gait. B) An illustration of what would theoretically be the discriminatory variables of 
function, when combining all age ranges of healthy subjects. 
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4.2 Methodology 
4.2.1 Marker Placement 
The marker set used within this study was based upon the CAST marker protocol 
(Benedetti et al., 1998, Cappozzo et al., 1995). The markers form an addition to that 
used within the previous chapter and are displayed within Figure 4.2.  Two rigid marker 
clusters are placed bilaterally on the shank and thigh, as described previously. As 
opposed to defining anatomical axes using the pointer technique, anatomical landmarks 
are now defined using markers placed on anatomical landmarks and captured during a 
static calibration trial. 
One of the benefits of using skin-based markers, as opposed to a pointer in determining 
the location of anatomical landmarks, is that it is possible to leave these markers on for 
the duration of the trial. Two common challenges in carrying out the assessment are the 
gradual movement of the rigid marker clusters relative to the thigh, and the tracking 
markers coming off the subject during a trial. If either of the two occur, it is necessary to 
re-calibrate the anatomical model and to create another static calibration file including all 
the markers. This can be very time-consuming, particularly as the model requires 16 
anatomical landmarks.  
4.2.2 Defining the Pelvis 
Previous work within Cardiff University has defined the pelvis in three stages (Watling, 
2014):  
• Create a CODA pelvis using the anterior superior iliac spine (ASIS) and posterior 
superior iliac spine (PSIS) markers 
o This will create virtual hip joint centre landmarks  
o This pelvis is not used for joint kinematics, but is used for joint kinetics 
• Create a virtual iliac crest marker which is directly vertical within the lab axes of 
the greater trochanter (GT) markers 
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Figure 4.2  CAST protocol marker set used within this chapter, illustrating tracking (red), anatomical (blue), and joint anatomical and tracking (blue with red circle). 
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• Create a Visual3D pelvis using the GT and the iliac crest markers  
o This pelvis is used for the calculation of hip kinematics 
By defining the pelvis segment using virtual iliac crest markers which are vertically 
aligned above the GTs, the pelvis tilt relative to the lab GCS is essentially set to zero 
during the static trial. The coronal plane angle, which shall be referred to as the pelvic 
obliquity, is also dependent on the relative height of the GTs. 
A study by Della Croce et al. (1999), examining the intra- and inter-examiner precision 
of identifying the GT, found intra-examiner precision of 11.1m and inter-examiner 
precision of 9.8mm in the superior/inferior direction. Each assessment of precision was 
carried out six times by physical therapists, on two able bodies with BMIs of 24 and 19.8. 
This same study found much lower imprecision in this anatomical plane when identifying 
the LASIS, but much higher when identifying the RASIS. No information within the 
literature was found on the intra and inter-examiner precision of GT and ASIS markers 
on obese subjects. 
From personal experience, the superior-inferior identification of the ASIS has been more 
challenging to locate than that of the GT on obese subjects. It was therefore decided that 
the relative height of the virtual iliac crest markers should be offset such that the relative 
height between each side matches that of the ASIS markers.   
4.2.3 Hip Joint Centre Definition 
One of the challenges of defining biomechanical models is the definition of the hip joint 
centre (HJC), which can be used to define the centre of rotation of the hip joint. Within 
traditional lower body gait models, the HJC defines the centre of the superior end of the 
femur. This therefore affects the angle of the thigh segment – affecting the hip and the 
knee angles kinetics and kinematics. 
Methods for estimating the location of the HJC can be categorised into two groups; 
functional methods based on movement, and predictive methods based on regressive 
equations using anthropometric measurements. A recent systematic review by Kainz et 
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al. (2015) found that functional methods improved accuracy of HJC location on healthy 
subjects, and may reduce between tester (inter-operator) and between session (intra-
operator) variations due to the removal of the reliance on the manual palpation of 
anatomical landmarks. This aforementioned study builds upon previous ISB guidelines 
(Wu et al., 2002), and concludes that the current best-performing functional method only 
performs marginally better than the best-performing predictive method, and only in ideal 
conditions. It is therefore doubtful as to whether it is worthwhile to collect the additional 
functional calibration trials, particularly as subjects with late-stage knee OA will likely 
have difficulty performing the required movements.  
There were no reports found on the effect of obesity on the accurate of HJC estimation 
using functional sphere-fitting methods or predictive regression equations. One small 
study found significant differences between functional and predictive methods, resulting 
in significant changes in hip kinematics and kinetics  (Chohan et al., 2013). Within this 
study, there was no gold standard of HJC location (such as radiographic measurements), 
therefore it isn’t possible to conclude which method is preferable. It was noted that obese 
subjects often found it difficult to perform the movement required to calculate the 
functional HJC, and that the anatomical landmarks required for predictive HJC definitions 
were difficult to locate. Predictive methods also couldn’t account for pelvis asymmetry.  
This thesis builds upon the research of Watling (2014) whom used the Bell and Brand 
predictive regression equations (Bell et al., 1989, Bell et al., 1990), which are used by 
default within Visual3D. This method uses the inter-anterior superior iliac spine distance 
to estimate the HJC using the following regression: 
 
𝐻𝐽𝐶 (
𝑥
𝑦
𝑧
) = (
±0.36×𝑃𝑊
−0.19×𝑃𝑊
−0.3×𝑃𝑊
) (4.1) 
Where the x, y and z coordinates relate to the mediolateral, anteroposterior, and 
superoinferior coordinates relative to the origin of the pelvis segment, and PW refers to 
the distance between the left and right ASIS. 
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A number of studies have recently found improved predictive accuracy of the Harrington 
equations over other predictive techniques, such as the Bell and Brand regression 
(Sangeux et al., 2014, Andersen et al., 2013), and it has therefore been recommended 
as the best current predictive method in a systematic review by (Kainz et al., 2015). The 
Harrington equations were defined from the MRI scans of eight adults (ages 23-40), 14 
healthy children, and ten children with cerebral palsy (Harrington et al., 2007).  
The Harrington equation defines the HJC as: 
 
𝐻𝐽𝐶 (
𝑥
𝑦
𝑧
) = (
0.33𝑃𝑊 +  0.0073
−0.24𝑃𝐷 −  0.0099
−0.30𝑃𝑊 −  0.0109
) (4.2) 
Where the x, y and z coordinates relate to the mediolateral, anteroposterior, and 
superoinferior coordinates relative to the origin of the pelvis segment, and PW refers to 
the distance between the left and right ASIS, the pelvic depth (PD) is the distance 
between the midpoints of the line segments connecting the two ASIS and the two PSIS 
(Harrington et al., 2007). 
4.2.4 Hip, Knee and Ankle Axis Definitions 
Joint segments were defined following ISB recommendations for joint coordinate 
systems (Wu et al., 2002), except for the following differences: 
• The knee joint centre was defined using the midpoint of the epicondylar gap, as 
opposed to using the knee epicondyles themselves 
• The tibia coordinate system was defined using the epicondylar gap instead of 
the tibial condyles 
• The foot segment was normalised to the floor, i.e. was assumed to be parallel to 
the floor during the static trial. It was decided that this method of normalisation 
was suitable when comparing barefoot NP and OA subjects. The assumption 
that inversion/eversion was deemed to be valid for subjects without severe 
deformity.  
 141  
141 Chapter 4 - Classification of Osteoarthritic Hip, Knee and Ankle Gait Biomechanics 
4.2.5 Upsampling to the Analogue Capture Frequency 
When calculating gait kinematics, it is necessary to locate the timing of heel strikes so 
that gait kinematics can be normalised as a percentage of heel strike. The most accurate 
method of defining this gait event is to use a threshold on the force platform data. A 
minimum threshold of 20N has previously been used to detect the initial heel strike and 
toe-off events. Until recently, there have only been two force platforms within the motion 
analysis laboratory at Cardiff University. In the absence of force platform data to define 
the following heel strike, the “pattern recognition” feature within Visual3D had previously 
been used to define the following heel strike.  
This feature uses the technique of Stanhope et al. (1990). The pattern of the proximal 
end of the foot segment is taken at the first heel strike, and a pattern recognition algorithm 
is then used to detect the following HS. Within Visual3D, the analogue data is used to 
locate the first heel strike and the next closest kinematic frame is taken. The marker 
capture data within this study was sampled at 60hz, and the analogue data was sampled 
at 1080Hz. There are therefore 18 analogue samples for every one marker sample. The 
theoretical precision of the resultant HS identification is therefore: 
 
±
9
1080
= ±0.0083 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 (4.3) 
The algorithm then attempts to match the kinematics at this point using pattern 
recognition to determine the second heel strike. Had the initial pattern been identified 
accurately, the precision for the identification of the second HS would again match that 
of Equation (4.3). However, as the pattern now used for matching might already be ±
9
1080
 
seconds out, the theoretical maximal precision for the identification of the second HS is: 
 
±
9
1080
±
9
1080
=  ±0.0167 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 (4.4) 
Remember, this is only considering one element of precision, and is not considering the 
accuracy of the 20N threshold, the variability of foot segment kinematics during walking, 
the robustness of the pattern-fitting algorithm and its associated detection threshold. 
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Considering only this aspect of precision, the precision of calculating the stride time can 
be seen as follows: 
 ±0.0083 ± 0.0167 = ±0.025 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 (4.5) 
The resultant effect that these precisions might have on a single knee flexion waveform 
in modelled within Figure 4.3A. The different timestamps at which each HS might have 
been identified within the precision boundaries have been selected, and each waveform 
has then been normalised over 100% of the gait cycle. Not only the shape of the 
waveform is changed noticeably, but also the timings of gait events such as the peak 
knee flexion angle during swing phase. 
Within this study, the marker data was upsampled to the analogue capture frequency, 
such that the correct timestamp can be assigned to the initial HS (identified from the 
vertical GRF), and hence a pattern more representative of the kinematics at this HS can 
be adopted to identify the second HS. This was achieved within Visual3D (C-motion, 
USA), using an in-build algorithm called “Upsample_Point_Data_To_Analog_Rate”, 
which adopts the cubic spline method.  Marker data was low-pass filtered 6Hz before 
upsampling, and Fast Fourier Transforms were calculated before and after this process 
to ensure the frequency content of the signal was unchanged.  
Following this change, the HS is identified at the point at which the HS passed the 
threshold, and hence theoretically precise to: 
 ±
0.5
𝐴𝑛𝑎𝑙𝑜𝑔𝑢𝑒 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑒𝑞𝑢𝑛𝑒𝑐𝑦
= ±
1
2160
= ±0.41 ×10−3 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 (4.6) 
The second HS is still subject to the same marker imprecision of  ±
9
1080
 seconds, 
however as the HS profile used within the pattern matching is more precision, the 
precision would be: 
 
±
1
2160
±
9
1080
=  ±
19
2160
= ±0.0088 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 (4.7) 
The resultant theoretical effect of this imprecision is modelled within Figure 4.3B for 
comparison. 
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Figure 4.3 Example simulation of the effect imprecision in HS identification can have on the 
resultant kinematic waveform. A single knee flexion waveform has been cut and normalised to 
101 points. Every permutation of the possible HS locations within the precision boundaries 
have been considered for: 
 A) Before upsampling: - ±
𝟗
𝟏𝟎𝟖𝟎
 seconds for the first HS, and ±
𝟏𝟖
𝟏𝟎𝟖𝟎
 for the following HS, and  
B) Following upsampling: ±
𝟏
𝟐𝟏𝟔𝟎
 seconds for the first HS and ±
𝟏𝟗
𝟐𝟏𝟔𝟎
 seconds for the following 
HS.  
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4.2.6 Filtering Data 
Electrical interference, instrumental errors in the digitization of retroreflective markers in 
3D space, and STA can all results in errors within motion analysis data (Winter et al., 
1974). These errors are often referred to as “noise” within the signal, and attempts are 
made to improve the signal to noise ratio by “smoothing” or “filtering” the data. While a 
number of techniques have been applied to motion analysis data, such as cubic spline 
fitting (McLaughlin et al., 1977), Fourier series (Hatze, 1981), and polynomial smoothing 
(Pezzack et al., 1977), a large proportion of studies use a fourth-order zero-lag 
Butterworth filter (Sinclair et al., 2013). 
Digital filtering of marker kinematics relies on the principal that the actual kinematics of 
the bones relative to one another during locomotion are of a lower frequency than the 
signal noise. To minimise any detrimental effects on the true signal, it is necessary to 
define a filter cut-off frequency above that of the highest expected frequency component 
of the true kinematics. The frequency components of the true relative bone kinematics 
would depend on the velocity of the task being carried out. For example, it would be 
expected that running would have large amplitudes of higher frequency components than 
walking. 
The frequency content of normal gait is generally considered to be around 4-6Hz 
(Angeloni et al., 1994) (Winter et al., 1974). Previously, within this research group, a cut-
off frequency of 6Hz has been applied (Watling, 2014), which is commonplace in the 
context of gait analysis (Kirkwood et al., 2011). The choice of a fixed cut-off frequency 
has previously been criticised (Chiari et al., 2005), largely due to the fact that frequency 
content varies between markers, and also during activities. This may be less of an issue 
in the context of gait, as Winter et al. (1974) found markers to fall within a narrow 
boundary of frequency content.  
One of the highest frequency components found by Winter et al. (1974) was that of the 
heel, at 6Hz. For demonstration purposes, Figure 4.2 displays the frequency content of  
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a right calcaneus marker that has been plotted during a gait trial of a healthy adult. There 
are four heel strikes within this trial, occurring as the heel marker approaches zero in the 
z coordinates. A spectrogram of the frequency content is displayed in Figure 4.2A, in 
which frequencies are the highest towards the peak Z coordinate value. Within Figure 
4.2B, towards heel strike at the minimum points of the curve, there appears to be some 
additional high-frequency content other than that expected, which is likely due to the STA 
and inertia of the marker at heel strike. 
A 
B 
Figure 4.4 Example of the frequency components of a vertical positions of the right calcaneus 
(RCalc) marker during a gait trial. A) A spectrogram of the change in frequency components 
over time. Red corresponds to higher amplitudes, and blue lower amplitudes. B) The positional 
data of the heel marker in the vertical axis over the gait trial. Multiple heel strikes occur during 
this trial. 
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The effect of a fourth-order zero-lag low-pass Butterworth filter, with a cut-off frequency 
of 6hz is displayed in Figure 4.5. While subtle, changes can be seen at the peak of the 
vertical position, which is slightly reduced by the filtering. The digital filtering has, 
however, dampened the artefact identified towards the minimum curve around heel 
strike. 
This study followed recommendations regarding the filtering of GRF data with the same 
filter parameters as that of marker kinematics, in order to reduce errors during inverse 
dynamic analysis (Kristianslund et al., 2012, Van den Bogert and De Koning, 1996). Raw 
GRF was then separately filtered using a low-pass filter of 25Hz before analysis.  
 
Figure 4.5 Demonstration of the effect of a fourth-order zero-lag low-pass Butterworth filter with 
a cut-off frequency of 6hz on right calcaneus (RCalc) marker during a gait trial.  
 
 
Raw Filtered 
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4.2.7 Comparison of Previously Defined PCs 
One of the aims of this chapter is to assess the validity of the PCs defined in the previous 
chapter, describing differences between subjects using the updated methodology. The 
pointer technique used in the previous chapter requires the presence of the captured 
pointer data files which, as previously mentioned, were not consistently captured for NP 
subjects at Cardiff University. The methods presented in this chapter require the 
presence of additional markers which define the pelvis (and hence HJC), and foot, which 
were added to the data collection in 2006. In total, nine NP and nine OA subjects who 
had been processed using both techniques were collated. 
The data for knee kinematics, knee kinetics and GRF were collated, and the previously 
defined PCs and associated eigenvectors presented in Section 3.6.2 and Section 3.6.6   
were used in order to calculate the PC scores for the same subjects processed using the 
two different techniques.  
Statistical analysis was performed within SPSS (IBM Corp, USA). Each variable was 
tested for normality using a Shapiro-Wilk test, resulting in a total of four significant results; 
hence indicating the assumption of normal distribution was not valid for these variables. 
Data meeting the assumptions of parametric tests was analysed using a Paired-Samples 
T-Test, while the remaining four were tested using a Wilcoxon paired signed rank test. 
4.2.8 Initial PCA Selection 
Within the previous chapter, PCs were retained using the factor loading retention rule 
suggested by Comrey and Lee (2013) and adopted by Jones (2004). The results within 
the Section 3.6.2 and Section 3.6.6 showed that in some instances, the first PC can 
represent large magnitude differences throughout the duration of a waveform. While 
these may reconstruct a large amount of the total variance in the data, this may not 
always be the most clinically significant element of the variance. For example, had the 
rule been strictly followed, only the first and third PCs of the mediolateral GRF would 
have been selected. The first PC represented a large difference in variance throughout 
the duration of stance phase, whereas the second PC represented the level of ‘double 
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peak’ within the waveform, alongside the gradient of the waveform during loading 
response and terminal stance. Because both PCs were influential within the same area, 
they are essentially competing for selection. The first PC consistently represented more 
than 50% of the total variance at each of these points of the gait cycle, therefore the 
second PC. The results shown in Table 3.8, however, suggested that the second PC is 
far more accurate in the classification of OA function (81.6%), as opposed to the first PC 
(55.3%).  
This highlights the potential flaws of making the following assumption: the component 
which represents a larger amount of variance between all subjects is likely to be more 
clinically significant in the classification of pathological function. 
Within this chapter, a new rule will be investigated: the first three PCs will always be 
selected for each waveform, and then further components will be selected only if they 
meet the previously mentioned factor loading threshold.  
4.2.9 Further PC Retention Using Classification Ranking 
PCA of ankle, knee and hip kinematic and kinetic waveforms can result in a large number 
of variables. Previously, other authors have used the DST classifier itself in order to 
further reduce the number of selected PCs (Warner et al., 2015, Metcalfe, 2014). While 
this can be a very useful method of further reduction and PC retention, it also poses a 
potential bias in the final classification accuracy.  
To demonstrate this, Figure 4.6A shows the classification results of a randomly 
generated dataset of 50 variables, and 25 subjects in each class, resulting in a LOO 
accuracy of 52%. The variables were then ordered based on the ranking of each 
variable’s accuracy within the original classification, and split into datasets of different 
sizes based on the top-ranked variables. The classification results of the new datasets 
of top-ranked variables are compared within Figure 4.6B. 
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 While this is anecdotal evidence of one randomly generated dataset, it matches what 
we would theoretically expect. The initial in-sample classification accuracy is biased, and 
therefore, as discussed in Section 3.5.4, it is necessary to perform cross-validation such 
as LOO. As expected, having found positive results using the LOO cross-validation within 
Section 3.6.4, the LOO accuracy is close to 50%. Within any relatively small, randomly 
generated dataset, some variables will be correlated with the marker label and others 
A 
B 
Figure 4.6 Comparison of in-sample and leave-one-out (LOO) classification accuracy of a 
dataset of randomly generated variables with 25 subjects in each group. A) The original 
classification simplex plot using all 50 variables. B) Comparison of in-sample and LOO 
classification accuracy when using the original classification variable ranking to reduce the 
number of selected PCs.  
B(U) 
B(NP) B(OA) 
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will not. In other words, there are relationships within the data which wouldn’t be present 
within an infinitely large dataset. 
If only the variables which negatively influence classifier performance are eliminated, the 
classification accuracy can be increased through the inclusion of randomly correlated 
variables, and the exclusion of uncorrelated variables. While accuracy will appear to 
increase, this is likely to be much less indicative of performance on actual test data. To 
account for this, a different will be used:  
1. Data will be randomised and split into two equal sets.  
2. Both sets will be classified separately and the top-ranked variables will be 
calculated and compared. 
3. The average “classification accuracy” of the individual variable, between the two 
datasets, will be taken. Variables will be ranked based on this average between 
two separate datasets. 
It is hoped that this will reduce, as opposed to eliminate, the bias of this technique of 
variable retention. Ideally, if there were a larger number of subjects within this dataset, 
the retained PCs would be used on a completely separate data pool in order to train the 
classifier and evaluate classifier robustness. 
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4.3 Results and Discussion  
4.3.1 Subject Demographics 
A total of 31 NP and 41 OA subjects were included in the study. The subject 
demographics are displayed in Table 4.1.  The NP control subjects in this study are, on 
average, younger, with a lower body mass and BMI.  
Matching of relevant subject demographics is an important consideration for any 
research study. Numerous studies have demonstrated effects of ageing on gait 
biomechanics, as well as those of body mass and BMI. GRF data is normalised and 
described as either a percentage of body mass (%BW), and joint kinetics as a 
percentage of the product of body mass and height (%BW*h). This can’t fully, however, 
account for the variations such as, kinematic and kinetic changes associated with 
obesity, increases in STA resulting in kinematic errors during the motion trial, and 
increased error in the identification of bony anatomical landmarks and identification of 
anatomic reference frames. 
The ultimate aim of this study is to quantify the change in pathological function by 
quantifying a restoration towards healthy biomechanics. It is therefore important that the 
classification training body of NP function is a true representation of healthy level gait 
biomechanics. Both age and obesity are large risk factors of OA, alongside a huge 
number of other comorbidities which can affect locomotion. It is therefore a challenging 
process to collect age and BMI-matched subjects which meet the inclusion criteria listed 
in Section 3.2.1. 
Table 4.1 Subject demographics for NP volunteer and patient groups used within this chapter. 
 Number BMI Height/m Mass/kg Age/years Gender 
NP 31 24.6 (4.0) 1.69 (0.09) 70.32 (14.5) 40.7 (17.9) 12M 19F 
OA 41 32.5 (6.4) 1.67 (0.10) 91.28 (20.3) 68.4 (8.6) 19M 22F 
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4.3.2 Assessing the Appropriateness of Previously Defined PC in Representing 
Variance Between Subjects Collected with the Updated Methodology 
The results of the comparison in PC scores for the nine OA and nine NP subjects, whom 
had been processed using both techniques, are shown in Table 4.2. It was hypothesised 
that the changes in anatomical axis definitions would result in changes to knee 
kinematics and kinetics. It was not expected that the change in methods would affect the 
GRF data.  The results from Table 4.2 support the hypothesis that the changes in 
methods result in significant differences between knee kinematics and kinetics. The 
methodology of this chapter defines the centre proximal end of the femur as the HJC, as 
opposed to the GT. The HJC is of course more medial to the GT, however, is often in a 
similar position in the sagittal and transverse plane. In fact, some studies have estimated 
the location of the HJC as one quarter of the distance between the ipsilateral to the 
contralateral GT (Weinhandl and O’Connor, 2010). The large changes in coronal plane 
alignment, and perhaps smaller changes in sagittal and transverse plane, result in a 
change in the local coordinate system (LCS) of the femur. Knee joint kinematics are 
calculated by defining the transformation between the tibial LCS and the femoral LCS. 
This might explain why significant differences in ab/adduction (coronal) angle PCs, were 
seen, alongside poor correlation between the two techniques. While two of the three PCs 
of the flexion (sagittal plane) angle were strongly correlated between techniques, there 
did appear to be a difference in the means of the two methods. 
In the previous chapter, joint kinetics were calculated by resolving moments about the 
predicted centre of mass of the tibia.  This assumes the moment caused by the GRF 
acts directly about the tibia, as well as negating the inertial effects of the surrounding 
limbs. This chapter uses the inverse dynamic calculations of Visual3D (C-Motion, USA) 
which uses an iterative algorithm to calculate proximal joint forces of the foot, the tibia, 
and the femur. Moments are then resolved about the COM of the segments to estimate 
the net joint moment.  
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As hypothesised the differences were smallest within the GRF data. Six of the eight GRF 
PCs were significantly correlated to one another (r=0.78 – 0.97, p<0.05). Only two 
resulted in significant differences between the means of the PCs calculated using the 
two methods, both being within the vertical (transverse) GRF.  
Table 4.2 Table to compare PC scores of the selected biomechanical knee kinematics and 
kinetics, which have been calculated using both the methodology of Chapter 1 and that of Chapter 
2. Variables which were significantly correlated to one another between the cohorts are shown in 
green. Significant differences between the PCs are shown in red. 
Plane 
Angle/ 
moment/ 
GRF PC Correlation Sig. 
Difference 
in Means 
Sig. (2-
tailed) 
Coronal 
plane 
Angle 
PC1 0.54 0.02 6.50 0.01 
 0.07 0.77 2.65 0.01 
Moment 
PC1 0.47 0.05 3.15 0.14 
PC2 0.39 0.11 1.22 0.15 
GRF 
PC1 0.80 0.00 -1.57 0.23 
PC2 0.80 0.00 -0.44 0.34 
PC3 0.78 0.00 -0.03 0.95 
Sagittal 
plane 
Angle 
PC1 0.82 0.00 4.95 0.00 
PC2 0.88 0.00 -2.72 0.00 
PC3 0.45 0.06 0.34 0.72 
Moment 
PC1 0.69 0.00 -7.58 0.01 
PC2 0.04 0.88 -3.24 0.02 
GRF 
PC1 0.97 0.00 0.42 0.37 
PC2 0.24 0.34 -0.69 0.55 
Transverse 
Angle 
PC1 0.29 0.24 9.65 0.00 
PC2 0.68 0.00 -0.18 0.78 
Moment 
PC1 0.46 0.05 -1.61 0.20 
PC2 -0.57 0.01 -5.75 0.03 
GRF 
PC1 0.95 0.00 -0.16 0.77 
PC2 0.82 0.00 0.38 0.03 
PC3 0.09 0.71 3.14 0.00 
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4.3.3 Principal Component Analysis and Retention  
PCs were defined for the 23 variables: ankle, hip and knee angles and moments, GRFs, 
and centre of pressure relative to the foot. This resulted in an initial total of 70 PCs being 
defined. The data was randomly split into two halves, one with 15 NP and 21 OA 
subjects, and the other with 16 NP and 20 OA subjects.  Each dataset was classified and 
the LOO cross-validation accuracy and objective function were used to rank the input 
variables. The top n variables were selected for different values of n between one and 
30. For each value of n, the number of total differences in the retained PCs (disregarding 
ranking) were calculated. Following this, the difference in rank of those retained PCs 
between the two datasets was calculated. The results are shown in Figure 4.7. If the top 
18 variables are selected, there are few discrepancies between datasets. A selection of 
18 variables also results in a variable to dataset size ratio of 1/3.  
 
 
Figure 4.7 Illustration on differences between picking the top-ranked variables between the two 
datasets. The number of differences on variables selected when picking the top “n” variables is 
shown as a solid blue line. The average actual difference in ranking of those retained PCs 
between datasets is shown as a dashed orange line. 
 
  
Top 18 variables
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4.3.4 Classification Using Top 18 Ranked Variables 
The LOO classification results of the final classification using the chosen 18 PCs is 
shown in Figure 4.8. The control parameters used to define the sigmoid function were 
as defined previously; kC/S and θSTD. In the absence of an objective way of defining the 
uncertainty boundaries, the upper and lower boundaries were defined as 1 and 0.8 
respectively. The DST classifier could discriminate between OA and NP gait 
biomechanics in all but 1 case, resulting in a LOO classification accuracy of 98.6%. Of 
the 41 subjects, 36 were classified as “dominant OA”, where the B(OA) is larger than the 
sum of B(NP) and B(U). Of the 31 NP subjects, 26 were classified as dominant NP 
function. 
 
Figure 4.8 Simplex plot of the final classification, using the 18 chosen PCs, and the control 
definitions kC/S, θSTD, and upper and lower uncertainty boundaries of 1 and 0.8 respectively. The 
41 OA subjects are plotted as a red cross, the 31 NP subjects are plotted with a blue circle. 
 
 
B(U) 
B(NP) B(OA) 
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Each input variable was ranked as to how well it could discriminate between OA and NP 
gait biomechanics. The results are shown in Table 4.3. Features extracted from the 
vertical and AP GRF waveforms appear to be the most accurate in discriminating OA. 
This is interesting considering this data is by far the least challenging to both collect and 
process. It can also be noted that several PCs marked with an asterisk would not have 
been retained for analysis had the factor loadings PCA retention rule been applied, 
however appear to be good discriminators of OA gait.  
Table 4.3 The rankings of how accurately each variable was able to discriminate between OA and 
NP gait. Input variables marked with an asterisk * would not have been selected for further 
analysis had the factor loading retention rule been applied. 
Ranking Input variable 
Classification 
accuracy (%) 
1 GRF Vertical PC1 98.6 
2 GRF Ant/posterior PC1 97.2 
3 Knee Ad/Abduction Moment PC2 93.1 
4 Hip Ad/Abduction Moment PC2 87.5 
5 Hip Int/external Moment PC1 86.1 
6 Hip Ad/Abduction Angle PC2* 86.1 
7 Ankle Plantarflexion Moment Pc2 84.7 
8 Knee Flexion Moment PC2 84.7 
9 Knee Flexion Angle PC2 84.7 
10 Knee Int/external Mom PC1 83.3 
11 GRF Medial PC2* 83.3 
12 Hip Flex/extension Ang PC1 80.6 
13 Ankle Inv/eversion Mom PC1 79.2 
14 Hip Flex/extension Mom PC2 77.8 
15 Knee Flex/extension Mom PC1 76.4 
16 Hip Flex/extension Ang PC2* 76.4 
17 Ankle Plant/dorsiflexion Ang PC2* 76.4 
18 Hip Int/external Ang PC2* 76.4 
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Ranking 1: The first PC of the GRF was overwhelmingly the top-ranked variable in 
classifying between OA and NP subjects. The data reconstruction using this PC is shown 
in Figure 4.9. The PC is very similar to that defined in Section 3.6.2 however, the 
classification accuracy was higher at 98.6% vs 89.5%. The PC represented 67% of the 
total variable between subjects. The clinical description of this PC remains the same, 
therefore please refer to Section 3.6.2 for a full description. OA subjects appear to accept 
weight slower (relative to the duration of stance phase) than NP subjects, and they also 
unload slower. They also appear to have a reduced “double peak” characteristic, 
implying less vertical movement of COM.   
  
Figure 4.9 Reconstruction of the vertical ground reaction force using PC1. The ±1STD 
confidence interval of NP subjects is shown as a grey shaded area for NP subjects, and as 
solid lines for OA subjects. Reconstruction using the maximum PC score is shown as a thin red 
long-dashed line, and the minimum as a thin green long-dashed line. 
 
Ranking 2: The second ranked variable was the first PC of the anterior GRF, which 
represented 58% of the variable variance.  The data reconstruction using this PC is 
shown in Figure 4.10. The PC is very similar to that defined in Section 3.6.2 and therefore 
the clinical description remains the same. As seen previously, OA subjects appear to 
have reduced sagittal plane GRFs throughout stance phase.  
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Figure 4.10 Reconstruction of anterior ground reaction force using PC1. The ±1STD 
confidence interval of NP subjects is shown as a grey shaded area for NP subjects, and as 
solid lines for OA subjects. Reconstruction using the maximum PC score is shown as a thin red 
long-dashed line, and the minimum as a thin green long-dashed line. 
 
Ranking 3: The third ranked variable was the second PC of the knee adduction moment, 
which represented just 13% of the variable variance. The first PC was also included in 
the classification, and was ranked 15th (see Figure 4.23). The data reconstruction using 
this PC is shown in Figure 4.11. The clinical description of this PC is slightly different to 
that descried previously. Subjects with a high PC score have a much-prolonged larger 
adduction moment in midstance, a less of a bi-phasic loading pattern. Unlike within the 
 
Figure 4.11 Reconstruction of knee adduction moment using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects. Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. 
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previous definition, this PC doesn’t reconstruct large magnitudes in the peak of adduction 
moment. 
Ranking 4: The fourth ranked variable was the second PC of the hip adduction moment, 
which represented just 22.7% of the parameter variance. The data reconstruction using 
this PC is shown in Figure 4.12. The first PC wasn’t included in the classification, as it 
was initially ranked 37th, and is therefore also graphed for reference. The clinical 
description of this PC is similar to that of PC2 of the knee adduction moment. Subjects 
with a high PC score have a much-prolonged larger adduction moment in midstance, 
and less of a biphasic loading pattern. Some of the biphasic/ “double peak” feature was 
also reconstructed within the first PC, which described large magnitude variations 
between subjects. It may be that these magnitude differences either weren’t clinically 
significant when diagnosing OA, or perhaps they are due to a systematic error such as 
the coronal plane position of the HJC. It is known that this is more prone to error in 
overweight subjects due to soft tissue on the pelvis landmarks, as discussed in Section 
4.2.3. This highlights an advantage PCA may have had in comparison to defining 
discrete parameters, such as the maximum magnitude at peaks, where the differences 
highlighted in PC2 would have been concealed within large magnitude differences. 
 
Figure 4.12 Reconstruction of hip adduction moment using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects. Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. As the first PC wasn’t retained, it is 
plotted in the square box for reference. 
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Ranking 5: The fifth ranked variable was the first PC of the internal hip moment, which 
represented 54.9% of the parameter variance. The data reconstruction using this PC is 
shown in Figure 4.13. It appears that a reduced magnitude of the internal hip moment 
throughout stance phase may be a good discriminator of osteoarthritic function. Subjects 
with OA commonly report pain when pivoting/twisting on the knee. It could be that OA 
subjects avoid transverse moments through decreased walking speeds or other gait 
adaptations. Reduced peak of the internal hip moment during stance has previously been 
found to be progressive with OA severity (Astephen et al., 2008a); however, in this study, 
cadence was also different between the three groups of OA severity.  Transverse plane 
moments appear to be less frequently reported in the literature; however, they have been 
found by multiple studies to be consistent between able-bodied subjects (Schache et al., 
2007). The choice of reference plane can have a significant effect on the profile of the 
transverse moment; NP moment profiles appear to be consistent with those reported by 
Schache et al. (2007) when resolving in the lab reference frame. 
 
 
Figure 4.13 Reconstruction of the hip internal moment using PC1. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects. Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line.  
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Ranking 6: The sixth ranked variable was the second PC of the hip adduction angle, 
which represented just 11% of the hip adduction angle variance. The data reconstruction 
using this PC is shown in Figure 4.14. The first PC wasn’t included in the classification, 
as it was initially ranked 45th, and is therefore also graphed for reference.  Interestingly, 
had the previously used PC retention rule suggested by Comrey and Lee (2013), and 
adopted by Jones (2004), been used, only the first PC would have been selected. This 
highlights an important benefit from the adoption of a new “minimum of three” initial 
retention rule. The second PC of the hip adduction angle appears to represent changes 
in the coronal plane ROM of the hip throughout the gait cycle; however, towards the 
minimum value of the PC it appears to reconstruct a relative abduction during swing 
phase, as opposed to a relative adduction which would normally be seen.  
PC appears to show higher and lower magnitudes of hip adduction angle throughout the 
gait cycle in OA subjects. If this was the case, and not due to errors in measurement, 
this would not result in a good classification accuracy using this variable, due to the use 
of a single sigmoid activation function per variable. These large magnitude offsets 
throughout stance phase could however be because of errors in the coronal plane 
location of the HJC or the KJC, particularly as the OA cohort had a much higher average 
BMI. 
 
Figure 4.14 Reconstruction of hip adduction angle using PC2. The ±1STD confidence interval 
of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for OA 
subjects. Reconstruction using the maximum PC score is shown as a thin red long-dashed line, 
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and the minimum as a thin green long-dashed line. As the first PC wasn’t retained, it is plotted 
in the square box for reference. 
Ranking 7: The seventh top-ranked variable was the second PC of the plantar-flexor 
moment, which accounted for 28.5% of the parameter variance. The data reconstruction 
using this PC is shown in Figure 4.15. The first PC wasn’t retained for further analysis 
due to having an initial ranking of 31st, and is therefore illustrated alongside for reference. 
Both PCs appear to reconstruct magnitude difference in the plantarflexion moment which 
occurs during push-off; however, in the second PC, these differences appear to be 
related to a reduced dorsiflexion moment after heel strike, and an increased 
plantarflexion moment in the first half of stance. It might be that PC1 is more related to 
natural changes in gait velocity, and PC2 reconstructs a more clinically significant 
dorsiflexion moment avoidance, or perhaps a more anterior position of the COP or COM 
relative to the ankle during the first half of stance.  
Anecdotally, the second PC wasn’t correlated to gait velocity in NP subjects (R=0.04); 
however, the first PC was moderately correlated (R=0.49). This supports the suggestion 
that PC1 might represent more of a change in gait velocity than a presence of pathology; 
however, this would need to be analysed in a more controlled experiment.  
 
 
Figure 4.15 Reconstruction of the ankle plantar-flexor moment using PC2. The ±1STD 
confidence interval of NP subjects is shown as a grey shaded area for NP subjects, and as 
solid lines for OA subjects.  Reconstruction using the maximum PC score is shown as a thin red 
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long-dashed line, and the minimum as a thin green long-dashed line. As the first PC wasn’t 
retained for analysis, it is plotted in the square box for reference. 
 
 
Ranking 8: The eighth ranked variable is PC2 of the knee flexion moment, representing 
30% of the parameter variance. The data reconstruction using this PC is shown in Figure 
4.16. The first PC was ranked 15th, and is shown in Figure 4.23. While the first PC 
reconstructs large differences in the knee extension moment in the second half of stance, 
or at the extremes a complete avoidance of extension moment, the second PC 
reconstructs a reduction in both the knee flexion moment and, to a lesser extent, the 
knee extension moment during the second half of stance.  Numerous studies have 
shown a strong relationship between sagittal moment peaks and gait velocity (Lelas et 
al., 2003). While the high ranking of this PC could be a result of the differences in gait 
velocity between groups, it could be that the reduction in knee flexion and extension 
moment is a pain/instability avoidance strategy, as opposed to merely a consequence of 
reduced walking speed.  
 
Figure 4.16 Reconstruction of the knee flexion moment using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects. Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line.  
 
 164  
164 Chapter 4 - Classification of Osteoarthritic Hip, Knee and Ankle Gait Biomechanics 
Ranking 9: The ninth ranked variable was the second PC of the knee flexion angle, 
which represented 24% of the parameter variance.  The data reconstruction using this 
PC is shown in Figure 4.17. The first PC wasn’t retained for further analysis due to having 
an initial ranking of 29th, and is therefore illustrated alongside for reference. The 
interpretation of the first two PCs Is very similar to those defined for the flexion angle in 
Section 3.6.2, except that PC1 doesn’t reconstruct changes towards peak swing.  
 
 
Figure 4.17 Reconstruction of the knee flexion angle using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. As the first PC wasn’t retained for 
analysis, it is plotted in the square box for reference. 
 
Ranking 10: The 10th ranked variable was the first PC of the knee flexion angle, which 
represented 54% of the parameter variance.  The data reconstruction using this PC is 
shown in Figure 4.18. The PC appears to largely reconstruct differences in magnitude of 
a peak internal or external moment during the second half of stance phase. The 
reconstruction of this PC suggests OA subjects have a reduced internal moment during 
the second half of stance, which has previously been reported in the literature (Astephen 
et al., 2008b). Changes in the internal knee joint moment in OA subjects has received 
little attention in the literature, and the few studies which do report changes acknowledge 
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the difficulty in relating these changes to the pathological mechanisms of the disease 
(Landry et al., 2007, Astephen et al., 2008b). It has however been suggested that 
changes in transverse plane biomechanics might change contact locations and stress 
distributions within the knee joint, and hence initiate degenerative changes through 
altered loading of articular cartilage (Andriacchi and Mündermann, 2006). As with many 
kinetic parameters, increased gait speed has previously been found to correlated with 
increased internal knee moments in both OA and NP subjects (Landry et al., 2007).  
 
Figure 4.18 Reconstruction of the knee internal moment using PC1. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. 
 
Ranking 11: The 11th ranked variable was the second PC of the mediolateral GRF, which 
represented just 11% of the parameter variance.  The data reconstruction using this PC 
is shown in Figure 4.19. The second PC wasn’t retained for further analysis due to being 
initially ranked 19th, and is therefore also plotted for reference. The second PC appears 
to reconstruct the amount of “double peak” of the mediolateral force. The results suggest 
this characteristic of the ML force is more useful in distinguishing OA gait than the overall 
magnitude of the ML force. This supports the findings of Section 3.6.6 in which the 
 166  
166 Chapter 4 - Classification of Osteoarthritic Hip, Knee and Ankle Gait Biomechanics 
second PC representing the biphasic nature of the waveform was again found to be a 
much more valuable in discerning OA gait than the first PC.  
 
Figure 4.19 Reconstruction of the mediolateral GRF using PC2. The ±1STD confidence interval 
of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for OA 
subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed line, 
and the minimum as a thin green long-dashed line. As the first PC wasn’t retained for analysis, 
it is plotted in the square box for reference. 
 
Ranking 12: The 12th ranked variable was the first PC of the hip flexion angle, which 
represented 90% if the parameter variance. The PC appears to reconstruct changes in 
magnitude of hip flexion during gait, as well as reduced ROM as hip flexion decreases. 
The standard deviation of hip flexion across OA subjects is much larger than the narrow 
band associated with NP subjects.  
 
Figure 4.20 Reconstruction of the hip flexion angle using PC1. The ±1STD confidence interval 
of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for OA 
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subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line.  
 
Ranking 13: The 13th ranked variable was the first PC of the ankle internal moment, 
which represented 62% if the parameter variance. The data reconstruction using this PC 
is shown in Figure 4.21, and reconstructs changes in magnitude of the internal moment 
magnitude throughout gait. Much like at the knee, the internal ankle moment during the 
second half of stance also appears to be reduced in OA subjects.  Again, it is difficult to 
relate these differences to the pathology. These differences might be related to changes 
in gait velocity, or perhaps changes in the foot progression angle as a learnt mechanism 
of reducing the knee adduction moment (Chang et al., 2007).  
 
Figure 4.21 Reconstruction of the ankle internal moment using PC1. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. 
 
Ranking 14: The 14th ranked variable was the second PC of hip flexion moment, which 
represented 22% if the parameter variance. The data reconstruction using this PC is 
shown in Figure 4.22, alongside the first PC which wasn’t included in the analysis due to 
an initial ranking of 32nd.  The second PC appears to only reconstruct differences in the 
hip flexion moment during loading response and terminal stance. It appears that the 
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reduced hip flexion moments during these points are a better discriminator of OA function 
than the large magnitude differences throughout midstance reconstructed using PC1. 
 
Figure 4.22 Reconstruction of the hip flexion moment using PC2. The ±1STD confidence interval 
of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for OA subjects.  
Reconstruction using the maximum PC score is shown as a thin red long-dashed line, and the 
minimum as a thin green long-dashed line. As the first PC wasn’t retained for analysis, it is plotted 
in the square box for reference. 
 
Ranking 15: The 15th ranked variable was the first PC of the knee flexion moment, which 
represented 54% of the parameter variance. The data reconstruction using this PC is 
shown in Figure 4.23. The second PC of the knee flexion moment was ranked eighth and 
is shown in Figure 4.16. The first PC mainly reconstructs large differences in magnitude 
of the knee flexion moment throughout the second half of stance. It appears some 
subjects avoid an external extension moment altogether. This is likely related to fixed 
knee flexion during stance phase – which places the KJC more anteriorly relative to the 
COP of the GRF.  
Ranking 16: The 16th ranked variable was the second PC of the hip flexion angle, which 
represented just 6% of the parameter variance. The data reconstruction using this PC is 
shown in Figure 4.24. The first PC of the hip flexion angle was ranked eighth and is 
shown in Figure 4.20. The first PC mainly reconstructs large differences in magnitude of 
the knee flexion moment second PC appears to reconstruct a reduced and delayed 
flexion angle towards toe-off.   
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Figure 4.23 Reconstruction of the knee flexion moment using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line.  
 
 
 
Figure 4.24 Reconstruction of the hip flexion angle using PC2. The ±1STD confidence interval 
of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for OA 
subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line.  
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Ranking 17: The 17th ranked variable was the second PC of the ankle dorsiflexion angle, 
which represented just 13% of the parameter variance. The data reconstruction using 
this PC is shown in Figure 4.25. The first PC wasn’t retained for further analysis due to 
having an initial ranking of 24th. The second PC reconstructs a delayed ankle dorsiflexion 
during stance phase, and a delayed and reduced plantarflexion during push-off and 
swing phase of gait. 
 
Figure 4.25 Reconstruction of the ankle plantar/dorsiflexion angle using PC2. The ±1STD 
confidence interval of NP subjects is shown as a grey shaded area for NP subjects, and as 
solid lines for OA subjects.  Reconstruction using the maximum PC score is shown as a thin red 
long-dashed line, and the minimum as a thin green long-dashed line. As the first PC wasn’t 
retained for analysis, it is plotted in the square box for reference. 
 
Ranking 18: The 18th ranked variable was the second PC of the hip internal rotation 
angle, which represented just 5% of the parameter variance. The data reconstruction 
using this PC is shown in Figure 4.26. The first PC wasn’t retained for further analysis 
due to having an initial ranking of 29th. The second PC reconstructs a reduced transverse 
plane ROM in OA subjects, particularly a reduced tendency to internally rotate at heel 
strike and toe-off. This appears to be a better discriminator of OA gait than the large 
magnitude differences throughout the gait cycle reconstructed by PC1 – which may well 
be a result of errors in joint axis definition.  
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Figure 4.26 Reconstruction of the hip internal rotation angle using PC2. The ±1STD confidence 
interval of NP subjects is shown as a grey shaded area for NP subjects, and as solid lines for 
OA subjects.  Reconstruction using the maximum PC score is shown as a thin red long-dashed 
line, and the minimum as a thin green long-dashed line. As the first PC wasn’t retained for 
analysis, it is plotted in the square box for reference. 
 
4.3.5 About the Misclassified Subject 
The misclassified subject had a TKR on the other leg three years prior to the motion 
analysis trial. The subject had no history of knee injuries, but has always actively 
participated in various sports. The participant didn’t have any functional problems 
climbing normal household stairs, but did mention that it can caused pain. The trigger of 
pain was reported as a “twisting motion”, or when standing or walking for long periods of 
time.  
Within the Knee Outcome Survey, the participant commented that pain in the leg of 
interest affects their activity severely, and that grinding and stiffness affects their activity 
moderately. However, the participant also agrees with statements that the leg never feels 
weak, and never buckles or slips. Within the Oxford Knee Score, the subject also 
comments that they can easily walk down a flight of stairs, easily do household shopping 
on their own, and that pain in their knee only moderately affects their usual work 
(including housework). They also note that they can walk for more than 30 minutes 
without pain. They have a BMI of 34.5, which classifies them as obese. The subject 
note’s they have trouble playing golf due to the twisting/pivoting. The subject had an 
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overall Oxford Knee Score of 70% for the left leg, and 96% for the right leg; where 100% 
represents no symptoms. Had the subject been classified using all the variables, they 
would have been classified as 59% OA, 32% NP and 10% uncertainty – the closest 
towards NP of all the OA subjects.  
Unfortunately, it wasn’t possible to retrieve the radiographic results of this subject, and 
the KL grade is therefore not known. Upon visual inspection of the motion analysis files, 
it was difficult to detect differences in gait to that of NP subjects.  
The variables that most contributed to a NP classification were the PC2 of the knee 
adduction moment, second PC of the knee flexion moment, and the  second PC of the 
anterior-posterior GRF. Variables that most contributed to the OA classification were 
overwhelmingly the 1st PC of the knee transverse moment, and the first PC of the ankle 
transverse moment. The decrease in transverse moments despite no decrease in sagittal 
moments might suggest a general avoidance of large internal moments, which have 
been reported by the subject to result in knee pain. 
4.3.6 NP Subject with Lowest Belief in NP Function 
Upon further inspection, the NP subject with the lowest belief of NP gait didn’t meet the 
criteria as a non-pathological control subject stated in Section 3.2.1. The subject reported 
slight general knee pain, particularly during unexpected twists. The subject also reported 
stiffness in both knees, and pain in one leg while standing.  Interestingly, this subject 
also had the highest level of classification uncertainty of the NP subjects (B(U)= U 
55.3%). Unfortunately, this was only discovered after the study, and re-running the 
analysis with this subject excluded would have been time-consuming. Considering the 
number of subjects within the training body and strong performance of the DST classifier 
it is unlikely that the re-analysis would have a significant impact upon results. 
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4.3.7 Assessing the Validity of a Combined Healthy and Elderly Cohort in 
Classifying OA Subjects 
A comparison of the relationship between participant age and the belief values B(NP) 
and B(OA) are plotted within Figure 4.27A and B respectively.  There is no obvious 
relationship between either belief value and the age of the NP participant, however 
statistical analysis was continued for completeness. The B(OA), B(NP) and the age of 
participants were all tested for normality, and the age of participants was not normally 
distributed. This was, perhaps not surprising – many of the younger subjects recruited 
were University students and hence tend to be aged 18-26.  A Spearman’s rank 
correlation test was performed. No significant correlation was observed found between 
age and the belief of OA (r=0.046, p=0.811) or NP (r=-0.146, p=0.44) for the non-
A 
B 
Figure 4.27 The relationship between participant age, in years, and 
A) % belief of OA, B(OA),  
B) % belief in NP, B(NP). 
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pathological control cohort. It could be argued that the effects of ageing might only result 
in significant changes past a threshold age, therefore reducing the strength of any 
correlations when the group is treated as a whole. Data shown within Figure 4.27 seems 
to suggest that this is not the case, however, this would need to be explored with a larger 
dataset with equal subject numbers of subjects within specified age groups so that this 
could be further explored.  
It is also worth noting that the oldest NP control subject within this study was 72 years. 
Of the 41 OA subjects, 14 were older than 72, and the oldest was 84 years. It therefore 
isn’t possible to deduce whether the classification might have been sensitive to age-
related changes, had age-matched controls been used. In practice, it would be very 
difficult to recruit NP subjects within this age category who match the inclusion criteria 
within the study. 
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4.4 Conclusions 
 
Aim 1: Assess the appropriateness of previously defined PC in representing 
variance between subjects collected with the updated methodology.  
It was hypothesised that the changes to the methodology of calculating knee joint 
kinematics and kinetics would reduce the appropriateness of the previously defined PCs 
in representing biomechanical features. An analysis of 9OA and 9NP subjects calculated 
showed significant differences in several kinematic and kinetic measures by considering 
the linear correlation between PC scores calculated using the different methods, 
alongside the differences in means. It was hypothesised that there wouldn’t be any 
changes in the resultant PC scores from the GRF data, however there were still some 
differences within the AP and ML ground reaction forces. It was therefore decided the 
define and contextualise new PC vectors within this chapter. 
Aim 2: Assess the validity of a combined young, middle-aged and elderly cohort 
in classifying OA subjects. 
To assess biomechanical changes relating to OA it is necessary to compare OA 
biomechanics to that of NP subjects. The validity of using a combined young, middle-
aged and elderly cohort to define NP function. It was hoped that having a heterogenous 
NP cohort would train the classifier to be less sensitive to biomechanical changes which 
might be related to ageing as opposed to specifically OA. This was confirmed by testing 
for linear correlations between B(OA), B(NP) and age within the NP cohort: no 
relationship appeared to exist between belief of osteoarthritic function and age of the NP 
subject.  
The final classification of OA function within this chapter accurately distinguishes 
between OA gait biomechanics using only 18 biomechanical variables. These top-ranked 
variables were chosen in a way which was shown to reduce a positive bias in the 
resultant classification accuracy. One OA subject was misclassified, however upon 
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further review it appeared this person seemed to have a surprisingly high level of function 
for a TKR subject. It is possible that this person is a high-performing outlier within the 
dataset. This highlights difficulty of classifying the function of such a heterogenous 
cohort.  
The objective classification of osteoarthritic gait biomechanics presented in this chapter 
forms the foundations in which pre and post-operative function shall be objectively 
quantified within the following chapter.  
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4.5 Clinical Summary 
The application of PCA has again proved accurate at objectively describing differences 
in biomechanical gait parameters. When performing PCA, an ‘eigenvector’ is calculated 
which describes a prevalent feature of variance within the data. For each subject, a 
principal component value is then calculated for each subject. This method has been 
shown sensitive to changes in methodology – which was quantified by significant 
changes in PC values for subjects processed using two different techniques. PCs defined 
in Chapter 4 might therefore no longer be valid for objectively discerning between 
subjects within this chapter.  
There are a whole host of challenges in comparing biomechanical information from 
subjects collected within different laboratories or processed using different approaches. 
Significant differences are likely to exist between datasets due to a plethora of factors, 
including biomechanical model definitions, hardware, and expertise in palpating 
anatomical landmarks. The same considerations should be considered when adopting a 
data reduction technique which has been defined or modelled on data which may have 
been collected or processed differently.  Another example of this issue in literature is the 
findings of McMulkin and MacWilliams (2008), who found the Gillette Gait Index 
(introduced in Section 2.5.1) varied as much has 20% between multiple sites using the 
index. 
The biomechanical features of OA presented within this chapter define the parameters 
for quantifying biomechanical function before and after TKR surgery. Interpretation of the 
biomechanical features can be found within Section 4.3.4 and are further discussed in 
Section 6.2. Some key findings are: 
1. The magnitude of the double peak of the adduction moment discriminates 
severe knee OA better than the overall magnitude of the waveform. Many 
studies consider the magnitude of the EKAM peaks, however this discrete measure 
would include the effect of large magnitude differences in adduction moment peaks 
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throughout the gait cycle. A more discrete measure might be the value of the peaks 
of the adduction moment, as a percentage of the trough between the two peaks. This 
discrete metric might be a useful addition or alternative to solely considering EKAM 
peaks. 
2. Hip ad/abduction can discriminate severe OA gait, but may be difficult to 
discriminate using traditional analytical techniques - The hip adduction angle 
was able to discriminate OA gait with 86.1% accuracy (Table 4.3), and the feature 
detected is shown later in Figure 5.7. In short, the feature appears to show ‘hip 
hiking’; perhaps a compensation strategy increase ground clearance and account for 
decreased knee flexion during swing phase. This relevant biomechanical feature, 
however, only represented 11% of the total variance between subjects. The vast 
majority of variance was accounted for in a feature which reconstructed large 
magnitude offsets throughout the gait cycle (see “PC1” within Figure 4.14). This is 
likely due to the difficulty in defining the coronal plane axis of both the hip and the 
pelvis. If may be of interest to calculate hip ad/abduction relative to the position at 
heel strike. Previous studies have, however, reported increased hip abduction 
throughout stance in severe OA subjects (Hunt et al., 2010), suggesting this feature 
is still detectable using traditional methods. The potentially enhanced ability of PCA 
to detect this feature over traditional methods warrants further investigation.  
3. Transverse moments were again shown to discriminate severe OA gait, despite 
receiving less attention in the literature. It was discussed in the clinical summary 
of the previous chapter that the transverse (internal/external) knee moment was 
surprisingly useful in distinguishing the gait of severe OA subjects. The transverse 
moment of the hip, knee and ankle were all as highly accurate in classifying OA gait.  
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Chapter 5 - Quantifying Functional 
Changes Following Total Knee 
Replacement Surgery 
 
5.1 Introduction 
 Total Knee Replacement surgery is a common procedure to treat moderate to late-stage 
OA of the knee. Alongside the increased incidence of TKR surgery, introduced in Section 
0, there is also a rise in the treatment given to a relatively younger patient population, 
made possible by advancements in the durability of the endoprosthesis  (Mizner et al., 
2005). The 11th report of the NJR analysed the risk of revision up to 10 years following 
surgery for a number of age groups (Figure 5.1), which highlighted the increased 
incidence of revision within younger cohorts (UK-NJR, 2014). The 12th report comments 
on the primary reason for knee revision surgery. It can be calculated, using the data 
presented within the report, that the primary reasons for revision in a cohort of 47,829 
subjects were aseptic loosening (34%), infection (22.3%), pain (16.1%), instability 
(14.7%), implant wear (12.4%), lysis (10.1%), and malalignment (6.81%).  
 
Figure 5.1 A comparison of the cumulative percentage probability of revision following primary 
TKR surgery for different age groups. Reprinted from UK-NJR (2014) 
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Despite improvements of outcomes following TKR surgery, patient satisfaction remains 
relatively low at around 80%, in comparison to 92% for hip replacement surgery (Baker 
et al., 2007) (Anakwe et al., 2011). This has led to increased scrutiny of healthcare 
providers to objectively assess outcomes of TKR surgery (Bourne, 2008). Patient-
Reported Outcome Measures (PROMs) were introduced by the NHS in England in 2009, 
and became a first of its kind internationally in allowing patient perspectives to influence 
treatment (Partridge et al., 2016). The EQ-5D-3L and the OKS were selected as the 
PROMs for monitoring outcomes of TKR surgery. The EQ-5D-3L is a widely used PROM 
for measuring general health status and is used to monitor health status in a wide range 
of populations. The OKS was designed specifically to assess the patient’s perspective 
of pre-operative knee joint status and outcome following TKR surgery. It was initially 
designed to help eliminate surgeon bias in the selection of TKR surgery, and has since 
evolved to be the gold standard in measuring TKR outcome (Partridge et al., 2016).  
The overarching purpose of TKR surgery is to improve both current and future quality of 
life for the patient. This is expected to be achieved through two primary routes – a 
reduction in pain and an improvement in function. Functional improvement is by its very 
nature complex with multi-dimensional elements, and it is difficult to generalise which 
elements of physical functional are most important to any individual patient. PROMs 
therefore aim to assess physical function during a broad range of ADLs, as well as 
specific elements of physical function which might affect ability to perform a wide range 
of sports e.g. squatting, pivoting, jogging.  
A challenging element of measuring physical function is that they measure the subject’s 
perception of their own physical function. There are several influencing psychological 
factors which might affect how much a patient might over or under-estimate their own 
physical function, such as depression, pre-surgery expectations, dissatisfaction following 
surgery, the response-shift phenomenon (Razmjou et al., 2009). There is growing 
evidence that performance-based measures capture a different element of physical 
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function of OA subjects than that of perception-based PROMs (Mizner et al., 2011, 
Stratford and Kennedy, 2006).  
The methods described in this thesis thus far represent an objective performance-based 
measure of functional changes in OA subjects during level gait. While the measure has 
yet to undergo the same reliability and repeatability assessment that would be required 
of an outcome measure in order to assess eligibility for TKR surgery and outcome 
following surgery, it may have the ability to provide a great deal of insight into changes 
in physical function following surgery. By comparing the change in B(OA) pre and post-
surgery, using the trained classifier which reliably discriminates between OA and NP gait 
biomechanics, it is possible to measure how biomechanical alterations specific to OA are 
modified by TKR surgery. This methodology has previously been by adopted within the 
PhD research of Jones (2004), Whatling (2009) and (Metcalfe, 2014). 
These studies have used the same DST classification techniques to quantify TKR 
outcome; however, the data inputted into the classifier has varied depending on study 
methodology. The methods described thus far in this thesis result in a novel classification 
of osteoarthritic gait biomechanics, and are the resultant of proposed changes to the 
control variables of the DST classifier (Section 3.5), changes to the methodology of the 
calculation of kinematics and kinetics (Sections 4.2.2, 4.2.3 & 4.2.5) and changes to the 
retention and interpretation of PCs (Sections 4.2.8 & 4.2.9. The quantification of the net 
effect all these changes have on the sensitivity and specificity of the biomechanical 
classification of OA subjects would be very interesting, but is beyond the scope of this 
thesis. 
Instead, one of the aims of this chapter is to analyse how the objective classification of 
gait biomechanics compared to PROMs before and after TKR surgery.  
Aim 1: Do pre, post-, and the relative change in subjective outcome measures correlate 
with changes in biomechanical gait classification?.  
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Hypothesis 1: Subjective outcome measures will correlate with the functional 
abnormality before surgery, as biomechanical function declines with pain. Several 
studies have found that the patient’s own perception of functional improvement is often 
greater than objectively measured functional changes (Mizner et al., 2011, Worsley, 
2011) It is therefore hypothesised that PROMs will correlate less strongly with objectively 
measured function post-operatively.  
Predicting Post-operative Functional Outcomes 
As a result of the aforementioned adoption of OKS and EQ-5D questionnaires within 
England and Wales, Baker et al. (2012) were able to assess surgical factors on early 
PROMs in 22,691 primary TKRs. The study used stepwise multiple linear regression to 
identify factors most predictive of improvement in OKS and EQ-5D score. One of the 
findings was that subjects with a higher (less pathological) pre-operative OKS score are 
likely to gain benefit from surgery, as measured by the increase in OKS score. This is 
perhaps not surprising; the worse the condition of the pre-operative knee, the larger the 
room for improvement. Previous researchers using the objective classification of 
biomechanical function have, however, identified that subjects with particularly 
pathological gait biomechanics before surgery appear to have less improved 
biomechanical function following surgery (Metcalfe et al., 2013) (Watling, 2014) 
(Worsley, 2011).  
Scott et al. (2010) assessed predictors of dissatisfaction six months following TKR in a 
cohort of 1217 patients between 2006 and 2008. The amount of improvement in the OKS 
and SF-12 questionnaires were found to be correlated to the likelihood of post-operative 
satisfaction. The principal pre-operative predictors of outcome were depression, low SF-
12 mental component score, pain in other joints, and low SF-12 and OKS scores at 
baseline (pre-operatively). The total length of time in hospital was also found to be 
predictive, although less statistically significant, and was regarded as a measure of post-
operative complications. Patient satisfaction was measured at one year following 
surgery, with a rate of 81.4%. 
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 Lungu et al. (2014) assessed predictions of poor outcomes six months following TKR 
surgery in 141 patients. The patients with the highest (more severe) 20% of post-
operative WOMAC scores were defined as poor improvers, resulting in the 28 subjects 
with a post-operative WOMAC higher than 40.4% being selected. The authors  
then used this as training data to build a predictive model of good and poor TKR 
outcomes based on pre-operative data. The study applied recursive partitioning analysis 
to build a decision tree consisting of only five questions, which identified at-risk subjects 
with a positive predictive value of 41.8% and a negative predictive value of 94.2% (see  
Figure 5.2). Elaborating further, given an assumed prevalence of 20% of “poor post-
operative outcomes” within the general population, it is predicted that of those subjects 
who are classified as at “risk”, there is only around 42% who will have poor outcome. Of 
the subjects classified as “not at risk”, only around 6% will have poor outcome.  
Watling (2014) used a training body of 25 severe OA (pre-operative TKR) patients and 
23 NP control subjects to classify between OA and NP gait biomechanics using the DST 
classifier. Of those 25 OA subjects, the gait biomechanics of 12 subjects were again 
 
Figure 5.2 The final prediction model of Lungu et al. (2014), designed to pre-operatively identify 
patients at risk of poor outcomes following TKR. 
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assessed approximately 12-months post-surgery. The pre and post-operative 
classification of gait function was used to quantify and compare biomechanical knee 
function before and after surgery. The research found that pre-operative age and 
biomechanical function were the best indicators of functional gait improvements following 
surgery, and that implant type, BMI and presence of comorbidities were poor indicators.  
Worsley (2011) assessed the outcomes of 31 patients going for knee arthroplasty (15 
UNI, 16 TKR), measuring changes in both subjective and objectively measured function. 
Objective changes in function were again measured using the Cardiff DST classification 
method by training the classifier on a cohort of the NP and pre-operative. Due to the 
uneven cohort size, the value of θ within the classification will have been biased towards 
the pathological group, which may have moderately adversely affected the classification. 
The study found a disparity between subjective and objective measures and therefore 
adds to the BOE in support of objective functional measures (Mizner et al., 2011). This 
research is an extract of a much more in depth analysis published within a PhD thesis 
(Worsley, 2011), within which predictors of improvement in function were established. 
The principal predictors of functional improvement were the objective measures (muscle 
size, ROM, PC scores from biomechanics during various ADLS), as opposed to the 
subjective measures (WOMAC, OKS, VAS Pain).  
Aim 2: Does functional recovery return following TKR? 
Hypothesis 2: Recovery of biomechanical gait function will be variable across subjects. 
It is hypothesised that there may be two distinct groups of improvement, as found in 
preliminary work discussed within Section 5.2.  
Aim 3: Does severity of pre-operative gait abnormality predict improvement in gait 
following surgery? Are there other biomechanical clinical factors which might predict 
improvement? 
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Hypothesis 3: Subjects with the most severe gait abnormalities pre-operatively, i.e. 
classifier as the most pathological within the DST classifier, will also have to worst post-
operative biomechanical function. 
5.2 Preliminary Work 
Preliminary work was carried out to assess potential predictors of TKR outcome using 
data obtained within the research of Dr. Daniel Watling (Watling, 2014). This research 
study collected lower limb gait biomechanics from 25 OA (pre-TKR), 23 NP, and 12 post-
TKR subjects. Subject demographics are shown in Table 5.1.  
Table 5.1 Subject metrics for the healthy volunteer (NP), pre-operative (OA), and post-operative 
(TKR), total knee replacement subjects used for the classification of knee function (Watling, 
2014).  
 
The research methods for the collection of level gait biomechanics were identical to those 
used in this study, as they form part of the same longitudinal data collection. Of the 12 
post-TKR subjects used within the work of Whatling, ten were also used within this PhD 
thesis. Two were excluded because their post-operative visits were less than ten months 
following surgery.  This thesis also includes an additional 12 post-operative subjects 
which had been collected since Watling concluded his research. The research methods 
for the processing of biomechanical data is, however, slightly different; for further details 
the reader is directed to Watling (2014).  
Watling included GRF, sagittal plane angles, and sagittal and coronal plane moments for 
the hip knee and ankle within the classification of OA and NP knee function. Coronal and 
transverse plane angles and transverse plane moments were excluded from the study.  
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In total, 27 PCs were included in the classification of OA gait function. The correlation 
coefficient was used as the definition for k, and the average variable value between both 
groups as the definition for θ. The resultant LOO classification accuracy was 97.9%.  
The trained classifier was then used to classify the gait biomechanics of 12 of the 
subjects following surgery. The resultant classification is shown in Figure 5.3. Seven of 
the subjects significantly regained biomechanical function following surgery, while five 
appeared to have recovered very little.  
It was then decided to respectively analyse whether there were any potential pre-
operative predictors of post-operative recovery of biomechanical gait function. Patient 
demographics, temporal-spatial parameters, and biomechanical parameters taken pre-
operatively were considered in the analysis. To limit the number of variables within the 
analysis, discrete parameters were taken from only the GRF and the sagittal knee angle. 
It was deemed that these were the most easily implementable within clinic, for example, 
using a single force plate and a high-speed digital camera. It is worth noting that the 
same level of accuracy may not be achievable in practice, particularly in the 
measurement of sagittal knee angles.  
After much deliberation, it was decided that the percentage reduction in B(OA) was used, 
as opposed to the total reduction of the B(OA). i.e.  
𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =
𝐵(𝑂𝐴)𝑝𝑜𝑠𝑡 − 𝐵(𝑂𝐴)𝑝𝑟𝑒
𝐵(𝑂𝐴)𝑝𝑟𝑒
 
It was decided at the time that the percentage reduction in B(OA) was the most clinically 
relevant way of expressing the improvement in biomechanical function. This is discussed 
further in Section 5.4.2. 
The results of the analysis are displayed in Table 5.2.  There were four potential 
predictors which had a significance level p<0.05, however, given that 20 variables were 
considered in the analysis and that the cohort size was very low, a great deal of caution 
is advised. Only one variable, cadence, reached the higher significance threshold of 
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p<0.01, hence an estimated change of less than one in 100 of being a false positive 
finding. 
Interestingly, reduced AP force, reduced peak knee flexion and increased percentage of 
stance time might all potentially be explained by reduced gait velocity (Nilsson and 
Thorstensson, 1989, Oberg et al., 1994). Reduced anterior-posterior force could also be 
a sign of quadriceps weakness, which has been shown to affect post-operative recovery 
(Mizner et al., 2005).  
Table 5.2 Preliminary work in assessing potential pre-operative predictors of post-operative 
outcome. Correlations satisfying p<0.05 are shaded light grey, and p<0.01 in dark grey. 
 Percent reduction B(OA) 
Correlation Sig. N 
Age -.660* .020 12 
BMI -.032 .923 12 
Cadence .747** .005 12 
Stance percent -.695* .012 12 
KOS pre-op operative leg .102 .753 12 
KOS pre-op non-operative leg .280 .379 12 
OKS pre-op operative leg .253 .428 12 
OKS pre-op non-operative leg .247 .439 12 
Knee flexion at HS -.228 .475 12 
Knee flexion at TO .017 .959 12 
Knee sagittal ROM .519 .084 12 
P Stance flex .020 .950 12 
P swing Flex .636* .026 12 
Vertical GRF peak 1 -.158 .625 12 
Vertical GRF peak 2 .197 .539 12 
Dip in vertical GRF .254 .426 12 
Posterior GRF peak .541 .070 12 
Anterior GRF peak -.637* .026 12 
ML GRF Max -.492 .104 12 
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Figure 5.3 The resultant gait biomechanics classification of the 12 subjects pre (blue) and post 
(orange) operatively. Improvers are labelled as a cross; non-improvers are labelled as an 
asterisk.  This illustration was created using the data  and trained classifier from Watling (2014). 
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5.3 Methods 
5.3.1 Participants 
Of the 41 OA subjects recruited included within the previous chapter, 22 returned for a 
post-operative visit, which was initially planned to take place at 12 months post-surgery. 
There were several practical issues which prevented subjects from being recruited back 
at this point, which included: 
• Participant unable to attend due to medical reasons 
• Unable to contact participant  
• Participant going on long holiday e.g. cruise 
• Unforeseeable circumstances which lead to a temporary halt of all participant 
data collections within the ARUK centre.  
The median time after surgery was therefore 13.2 months, however, these ranged 
between 9.3 months and 22.8 months. Subject demographics are shown in Table 5.3. 
Table 5.3 Demographics of the 22 subjects included within this chapter 
 
Pre-op age Height (m) Pre-op weight (kg) post-op weight (kg) 
Mean 68.7 1.65 92.1 92.9 
STD 8.3 0.1 23.5 23.6 
 
5.3.2 Data Analysis, Processing and Classification 
3D human motion analysis data was captured during level walking for each of the 
subjects pre and post-operatively using the methods previously described in Section 3.2. 
Joint kinematics and kinetics were calculated using the same techniques described in 
the previous chapter. The level gait biomechanical information was then outputted from 
Visual 3D, in preparation for PCA. The eigenvectors of the top 18 ranked PCs were taken 
from the previous chapter and used to calculate the PC scores pre and post-operatively 
from the corresponding waveforms.  
At this stage, an input file could be created which used the same input variables as the 
data classifier in the previous section. A final column was added to the data called the 
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“class label” and was assigned a value of “1” for subjects pre-operatively, and “2” for 
subjects post-operatively. 
The control variables k, θ, A and B of the trained classifier defined within the previous 
chapter were used to classify the level gait biomechanics of the 22 subjects pre and post-
operatively.  
5.3.3 Patient-reported Outcome Measures 
Patients undergoing the same biomechanical assessment SOP as previously mentioned 
in other chapters, were asked to complete several commonly used PROMs. During the 
study, additional questionnaires were adopted, following suitable amendments to the 
ethical approval. In addition to this, the OKS and KOS scores were amended such that 
the participant responded considering each knee separately. The number of completed 
questionnaires are shown in Table 5.4. 
Table 5.4 Number of completed questionnaires for collected PROMs 
Pre/post-op Leg KOS OKS KOOS PACS 
Pre Op 22 22 12* 16 
 Other 15 15   
Post Op 21 22 18* 18 
 Other 15 16   
*Sports and recreation subscale from the KOOS could only be calculated on nine subjects 
pre-operatively and nine post-operatively.  
 
5.3.4 Temporal-spatial Parameters 
Spatial-temporal gait parameters were calculated within Visual3D. To represent 
between-leg differences, a level of symmetry between the two legs was calculated for 
each parameter. It was decided that this symmetry calculation, alongside the discrete 
parameter for the operative leg, would be sufficient in also describing the non-operative 
leg. 
There are several different methods of calculating a symmetry index which have been 
applied to gait. The most commonly cited gait symmetry calculation is referred to as the 
Symmetry Index, which uses the following calculation: 
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𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦 𝐼𝑛𝑑𝑒𝑥 =
|𝑋𝐿 − 𝑋𝑅|
0.5(𝑋𝐿 + 𝑋𝑅)
∙ 100% 
To translate this into a mathematical verbal expression – you take the magnitude of the 
difference between the left and the right leg, and represent it as a percentage of the 
average value between the two legs. It therefore gives no information as to which leg is 
dominant.  
Another technique used is the symmetry ratio: 
𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦 𝑟𝑎𝑡𝑖𝑜 = (
𝑋𝑅
𝑋𝐿
) ∙ 100% 
This is a very easily interpretable measure, and is simply the percentage ratio of the right 
leg relative to the left. This can also be represented as the non-operative leg relative to 
the operative leg, depending on the context of the study (Patterson et al., 2010).  
One of the problems with this measure is its non-symmetrical nature.  Figure 5.4 displays 
the value of the symmetry ratio for different values of the ratio r between to two legs. 
Where: 
𝑅𝐼 = (
𝑋𝑂𝑝
𝑋𝑂𝑡ℎ𝑒𝑟
) ∙ 100% 
As the Ratio Index is simply the ratio between the two legs expressed as a percentage, 
it can be seen that the Ratio Index starts to increase rapidly as the ratio favours to 
numerator (the operative leg).  
This can be addressed simply by taking the log of the Ratio Index, referred to in the 
literature as the Gait Asymmetry:  
𝐺𝑎𝑖𝑡 𝐴𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑦 = 𝑙𝑛 (
𝑋𝑜𝑝
𝑋𝑜𝑡ℎ𝑒𝑟
) ∙ 100% 
Where when GA>0 the numerator (operative limb) is dominant, and when GA<0 the 
contralateral limb is dominant.  
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Figure 5.4 Comparison of the Ratio Index, Symmetry Index (SI) and Gait Asymmetry (GA) in 
representing between-leg differences.  
 
The GA therefore appears preferable as a measure as it is possible to identify the 
dominant side by the sign of the number, and the absolute magnitude of the measure is 
the same, no matter which side is dominant. 
5.3.5 Objective Improvement in Function  
The simplex plot used to display and interpret the belief values calculated using the 
Cardiff Classifier allows an intuitive visual representation of uncertainty, however is less 
suited to statistical analysis. To define an objective improvement in function, it would be 
useful if the changes of the three belief values were reduced to a single discrete variable, 
in a meaningful way, without discarding important information. One method which has 
previously been used to define post-operative improvement, is to simply calculate the 
change in belief of OA.  
Table 5.5 Example of differences in the defining functional gait changes using reduction in B(OA) 
and the proposed functional gait improvement (FGI) method for three subjects. 
 Preoperative Post-operative B(OA) 
reduction 
FGI 
 B(OA) B(NP) B(U) B(OA) B(NP) B(U) 
Example 1 80 10 10 50 10 40 30 15 
Example 2 70 10 20 40 30 30 30 25 
Example 3 20 30 20 10 70 20 10 25 
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This method, however, completely discards information on the changes in B(U) and 
B(NP). If we compare the post-operative changes of Example 1 and Example 2 within 
Table 5.5, both would be deemed to have improved equivalent amounts – a reduction of 
B(OA) of 30%. Example 2, however, also has an increase in belief B(NP), and therefore, 
when interpreting the simplex plot during visual inspection, would have been deemed to 
have achieved greater recovery than Example 1.  
It therefore seems apparent that there may be some value in including the level of 
recovery of healthy function within the definition of biomechanical improvement. An 
additional calculation is proposed which will be referred to as the Functional Gait 
Improvement (FGI). 
 
𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝐺𝑎𝑖𝑡 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 (𝐹𝐺𝐼) =
∆𝐵(𝑁𝑃) − ∆𝐵(𝑂𝐴) 
2
 (5.1) 
Where: 
• 100% represents a change from 100%OA to 100% NP 
• 0% could represent no change, or could represent an equal increase in B(OA) 
and B(NP) 
• 50%, for example, could represent a decrease of B(OA) of 30% and an increase 
in B(NP) of 70% 
Table 5.5 also shows the calculated FGI of those two subjects. Notice how Example 2 is 
now deemed to have recovered more than Example 1. Another subject within this table, 
Example 3, appeared to predominantly have an increase in B(NP) post-operatively, 
hence reduction of B(OA) was only 10%. Notice, however, that the FGI is the same; i.e. 
reduction in B(OA) is weighted the same as an increase in B(NP).   
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5.4 Results and Discussion 
5.4.1 Does Functional Recovery Return Following TKR? 
The simplex plots illustrating the CBOE of all 22 subjects before and 9+ months post-
surgery are shown in Figure 5.5. Pre-operatively, 19 of the 22 subjects were within the 
dominant OA triangle where the belief of OA is greater than that of the combination of 
the other two belief values. Post-operatively, however, only ten of the 12 subjects 
remained dominant B(OA), with all but three subjects displaying a reduction in B(OA). 
The two greatest improvements were subjects 8 and 18, who moved from dominant OA 
to dominant NP, followed by subject 3, who moved from dominant OA to non-dominant 
NP. 
Figure 5.6 shows that the variable which had the most marked reduction in B(OA) across 
the 22 subjects was the second PC of the hip adduction moment, which reconstructed 
the rate of loading at early and at late stance, and the amount of ‘double peak’ in the 
waveform.  Of the 15 PCs of the biomechanical variables which resulted in a reduced 
B(OA) following surgery, eight had statistically significant reductions in the PC score 
using the p value threshold of <0.01, and two further PCs only reached the first threshold 
of p<0.05 and should therefore be interpreted with caution. It can be seen from this figure 
that on average, uncertainty increased in 13 of the 18 input variables. This can be 
confirmed visually in the simplex plots in Figure 5.5, as post-operatively subjects are 
closer to the uncertainty vertex. All statistically significant changes were mean changes 
towards that of NP subjects. 
Interestingly, despite significant improvements in PC2 of the hip adduction moment; 
which reconstructs a biphasic waveform, changes in the second PC of the hip adduction 
angle were much more modest and didn’t reach statistical significance. The best 
interpretation of PC2 of the hip adduction angle is that of a more abducted hip angle 
during stance phase, and adducted position during swing phase of the gait cycle. The 
first PC reconstructed a large magnitude offset throughout the gait cycle, hence PC2 
reconstructs smaller changes relative to that offset. 
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Figure 5.5 Simplex plot of the CBOE for all 22 subjects (numbered) both pre (A) and post (B) 
surgery.  
B(OA) 
 
B(U) 
 
A 
B(NP) 
 
B(OA) 
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Figure 5.6  Illustration of the mean total change in belief values of each of the inputs of the classifier between pre and post-operative classification. Variables are 
ordered according to the ranked order of importance of contributions of the classification (see Section 4.3.4)  Also shown is the level of statistical significance of each 
post-operative change in input variable. Statistically significant changes of p<0.01 are show in dark grey, and p<0.05 shown light grey. 
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The subject with the highest pre-operative value of the second PC of the hip adduction 
angle is shown on the left within Figure 5.7, and the subject with the second highest can 
be seen on the right. During stance phase, the pelvis drops on the side of the leg. This 
effectively reduces the coronal plane angle of the femur relative to the pelvis during 
stance phase, and increases the adduction angle during swing phase. In NP subjects, 
the pelvis often drops a small amount towards that of the leg in swing phase, as opposed 
to that of the leg in stance. This is often exaggerated in subjects with hip OA and weak 
hip abductors, and is commonly referred to as ‘Trendelenburg gait’ (Whatling et al., 
2015).  Interestingly, despite Trendelenburg gait being found in one study to be related 
to severe medial knee OA (Mündermann et al., 2005), the second PC reconstructs pelvic 
drop in the opposite direction. To hold the pelvis in this position, the subjects might either 
have relatively strong hip abductors, or be leaning their trunk over towards the leg in 
stance. One potential explanation for this gait adaptation is that the pelvic drop towards 
the limb in stance and helps to lift the limb in swing phase. This is often referred to as 
“hip hiking” (Kerrigan et al., 2000), and is a strategy that can increase ground clearance 
when hip flexion, knee flexion, or ankle dorsiflexion during swing phase is reduced. 
 
Figure 5.7 Coronal view of the two subjects with the largest hip adduction PC2 score during 
stance phase. Subject 13 (left), and Subject 8 (right). The Harrington HJC derived from the 
static file is derived during the static file.  
Harrington 
HJC 
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It can also be seen within Figure 5.7 that the HJC derived from the pelvis coordinate 
system is very different to that derived from the tracking markers of the thigh. Due to STA 
during walking of bony landmarks used to define the pelvis (ASIS and PSIS), the virtual 
landmark of the Harrington HJC is only used within the model definition and not during 
tracking. Such a large discrepancy between coordinate systems, however, might also 
create a lack of trust in the estimation of the femoral head using the thigh marker cluster. 
Subject 13 did have the second highest BMI of the cohort at 44.5 kg/m2, as opposed to 
26.1 kg/m2 for subject 8.  
 
 
Figure 5.8 Pre-operative hip adduction moments for both operative (Op) and non-operative 
(Non-Op) legs of subjects 8 and 13. 
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It isn’t possible to deduce why this biomechanical characteristic of osteoarthritic gait 
doesn’t significantly improve following TKR surgery. One potential cause could be that 
the subject had walked in this manner for a long time, and hence this might have a long-
term effect on hip abductor strength. Figure 5.7 shows the hip adduction moments of the 
operative and non-operative limb before surgery for the same two subjects. Anecdotally, 
it appears that both subjects have a reduced hip adduction moment on the operative 
limb, and increased on the contralateral side.  
5.4.2 Defining Functional Improvement 
Within Section 5.4.2 it was suggested that the technique used by previous authors to 
define changes in classification of OA function; simply looking at the magnitude reduction 
of the B(OA) value, might not be sufficient in summating functional improvement.  Figure 
5.9 shows that within this cohort there was a very strong linear correlation (r=0.948) 
between the suggested new measure and that used by previous authors. The new 
measure, named the FGI, would in theory provide a superior representation of functional 
changes in situations where a reduction of B(OA) was not strongly associated with an  
 
 
Figure 5.9 The linear correlation between absolute change in B(OA), and the new summative 
measure proposed in this chapter called; the Functional Gait Improvement (FGI).  
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increased B(NP). Considering the very strong relationship between the two measures, it 
was decided that to maintain optimal interpretability of findings, functional improvement 
shall be defined as the reduction of B(OA) throughout the rest of the analysis.   
5.4.3 Functional Improvement of Each Limb  
The reduction in B(OA), of both the operative and the non-operative (contralateral) limbs, 
is summarised within Figure 5.10. It is much clearer to see in this arrow chart that the 
B(OA) reduced post-operatively for all but 3 subjects on the operative limb, and reduced 
for all but 6 subjects on the contralateral side (non-operative). There was a strong 
correlation (r=0.807, p<0.001) between reduction of B(OA) on the operative side, and a 
reduction on the contralateral side.  
Poorest functional improvement: 
Subject 16: This subject was a 73-year-old female with a BMI of 24.6 (73kg, 1.65m), 
who reported severe OA in both knees and was undergoing a TKR on the right knee. 
Before surgery, the right (operative) leg had a B(OA) of 42%, and an OKS percentage 
score of 65%, while the left had a B(OA) of 57% and an OKS of 67%. The B(OA) 
therefore suggests biomechanical function may have been poorer on the non-operative 
limb. The subject didn’t suffer from OA in any other joints, however did have back pain, 
and they reported swollen toe joints.   
At six months post-surgery the subject 16 reported being very happy with the right knee 
TKR, despite numbness around the patella and clicking/knocking when rising from being 
seated. The subject reported that the left knee would likely require a TKR soon but that 
it was not imminently necessary. The OKS score was 73% for the right, and 69% for the 
left.  
At nine months following surgery the subject reported stiffness in the right TKR. The 
subject also reported that there was an ‘odd’ feeling of numbness and that it no longer 
‘felt like her leg’. The subject was still, however, happy with the TKR. The subject had 
been told that a TKR on the opposite leg was a possibility if they wanted one, however  
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they were trying to avoid it because they didn’t want the ‘six-week aggro’. The OKS for 
the right leg was 79%, and 75% for the left. The subject was taking medication for back  
pain. 
A) Operative leg: 
 
B) Non-operative leg 
 
Figure 5.10 Arrow chart of individual changes in B(OA) for all 22 subjects from pre to post-
surgery of the operative leg (A), and non-operative leg (B). Blue arrows represent a reduction in 
B(OA), and orange an increase. Subject 7 had a negligible reduction, and subject 22 had a very 
small increase in B(OA) on the operative limb. 
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During the final visit, 12 months post-surgery, subject 16 reported there had been no 
change in right TKR since the previous visit. They reported that the right knee remained 
stiff and the left knee painful – particularly during stair-climbing. The OKS for the right 
leg was 90% and the 69% for the left. The B(OA) of the right leg was 48%, and the 52% 
for the left. 
In summary, both the OKS and B(OA) suggested that the functional status of both knees 
was similar pre-operatively; which matches that reported by the subject. The OKS score 
indicated a gradual improvement of 25 percentage points on the operative knee, however 
the DST classifier indicated modest worsening in function with B(OA), increasing from 
42% to 48% on the operative limb. The OKS score had improved slightly from 67% to 
69% on the other leg, and the classification also indicated a modest reduction in B(OA) 
from 57% B(OA) to 52% B(OA).  
Figure 5.11 and Figure 5.12 display changes in the individual belief values assigned to 
each of the input variables of the classifier for subject 16. It shows that the main input 
variable to improve on the operative leg was the second PC of the ankle plantarflexion 
moment. Referring back to Section 4.3.4, the first PC reconstructed large magnitude 
differences between the plantarflexion moment throughout stance, particularly towards 
toe-off, while the second PC represented a relative increase in the plantarflexion moment 
in early stance in comparison to that of late stance. In order to confirm the findings of the 
combined PCA and classification, the pre and post-operative plantarflexion moments for 
the subject are shown in Figure 5.13. It can be seen that, while the absolute magnitude 
of the ankle plantarflexion moment hasn’t improved, the magnitude of the plantarflexion 
moment during the first half of stance, relative to that during the second half, was 
increased pre-operatively and improved post-operative. This feature is quite subtle and 
might have gone un-noticed had it not been for the application of PCA. 
 
 203  
203 Chapter 5 - Quantifying Functional Changes Following Total Knee Replacement 
Surgery 
 
Figure 5.11 Changes in individual bodies of evidence for each of the 18 input variables for the 
operative leg of subject 16 
  
 
Figure 5.12 Changes in individual bodies of evidence for each of the 18 input variables for the 
non-operative leg of subject 16 
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Figure 5.13 Ankle plantarflexion moment of subject 16 pre (red dashed) and post (solid green) 
TKR surgery.  
 
 
Figure 5.12 illustrates how each input variable contributed to pre and post-operative 
B(OA) on the non-operative (left) limb. H Add PC2, previously contextualised as “hip 
hiking”, has resulted in an increase in B(OA) bilateral. This could perhaps be related to 
the reported “stiffness” of the operative limb, or even due to the reported OA and pain on 
the non-operative limb.   
5.4.4 Greatest Functional Improvement 
It can be seen from Figure 5.10A that the greatest reduction in B(OA) was achieved by 
subject 8, changing from 69.8% B(OA) to only 7.5%. Subject 8 was a 67-year-old female 
with a BMI of 26.14 (1.54m, 62kg). Both hips were painful due to the left knee pain, the 
left hip causing the most pain. This hip pain had been present for months, as opposed 
to years. This had resulted in the use of crutches as of two weeks prior to the pre-
operative visit, specifically to ease hip pain. The subject also reported back pain.  
Pre-operative, the subject had an OKS of 16.7% on the left knee and 83.3% on the right. 
At three months following surgery, the subject reported a large improvement of the left 
leg following surgery, reporting it as “straighter” and easier to walk on. They reported 
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that, alongside the standard physio care, they were also seeing a personal trainer every 
other week. The OKS for the left leg was now 73%, and 90% for the right. Despite these 
improvements, the subject noted swelling of the left ankle. The subject added that they 
may have previously fractured the left foot laterally.  
At seven months post-surgery, the subject reported more “crunching” in the knee since 
their last visit, however not much pain. They felt that their movement had improved, and 
that they were back to normal. They did still have pain in their lower back. The OKS was 
98% for both knees. The subject also reported numbness around the scar, and more 
swelling around the ankle. The ankle swelling was accompanied by painful veins above 
the ankle.  
At 12 months post-surgery, the subject reported that the knee swells slightly if not rested, 
or if they sleep in certain positions. They were only conscious of the knee when they go 
to kneel, and felt they could perform all-over ADLs normally, despite clicking noises from 
the joint. They reported that they had no post-operative pain and didn’t remember having 
much pain before TKR surgery. They were still seeing a personal trainer, and found the 
exercise bike to be the best activity. They tended to avoid doing squats as they felt this 
wasn’t good for the knee.  
Considering the individual BOE of the subject, nearly every input variable of the operative 
leg improved other than the second PC of the ankle plantar/dorsi flexion angle. Referring 
to Section 4.3.4, this PC reconstructs the slightly reduced ankle dorsi-flexion during the 
first half of stance phase, but primarily the delayed initiation of plantarflexion, and the 
reduced peak plantarflexion during toe-off/early swing. This is interesting considering the 
subject had noted swelling of the left ankle (operative side) following surgery.  
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Figure 5.14  Changes in individual bodies of evidence for each of the 18 input variables for the 
operative leg of subject 8 
 
 
Figure 5.15 Changes in individual bodies of evidence for each of the 18 input variables for the 
non-operative leg of subject 8 
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5.4.5 Do Pre, Post-, and the Relative Change in Subjective Outcome Measures 
Correlate With Changes in Biomechanical Gait Classification? 
Correlations between the objectively measured gait function, B(OA) and the various 
PROMs, are shown in Table 5.6. For further clarity: pre-operative B(OA) were correlated 
to pre-operative PROMs, post-operative B(OA) to post-operative PROMs, and changes 
in B(OA) correlated to changes in PROMs between the pre-and post-operative visits. 
Box and whisker plots have also been included to illustrate the changes within each 
measure following surgery (Figure 5.16). Within this figure, the B(OA) has been 
subtracted from 100%, such that the interpretation matches that of the other PROMS; 
i.e. 0% is pathological, 100% is healthy.  
KOS and OKS: The KOS and OKS PROMs correlated moderately with pre-operative 
B(OA), post-operative B(OA), and the change in B(OA) following TKR surgery. The 
statistical significance of these correlations was consistently high (p<0.01), indicating a 
strong likelihood that that there is a consistent relationship between these measures, 
and the objective classification of gait biomechanics. The pre-operative relationship is 
illustrated within Figure 5.17, and helps visualise the strength of the correlation. The large 
number of subjects who are between 75% to 85% B(OA) appear to also have quite a 
large range of OKS and KOS scores.  
Table 5.6 Correlations between B(OA) and each PROMS pre-operatively, post-operatively, and 
the post-surgical change of B(OA) and PROMs. 
 KOS OKS 
PACS 
Pain 
KOOS 
Symp 
toms 
Pain ADLs 
Sport/ 
Rec 
QOL Total 
Pre 
B(OA) 
Corr -.545** -.507** -.110 -.166 -.331 -.347 .016 -.211 -.308 
Sig. .004 .008 .343 .303 .146 .134 .484 .255 .165 
N 22 22 16 12 12 12 9 12 12 
Post 
B(OA) 
Corr -.599** -.652** -.509*† -.443* -.469* -.591** -.501* -.584** -.551** 
Sig. .002 .001 .015 .033 .025 .005 .029 .005 .009 
N 21 22 18 18 18 18 15 18 18 
Change 
B(OA) 
Corr -.637** -.697** 0.175 -.388 -.364 -.624* .031 -.401 -.509* 
Sig. .001 .000 .275 .106 .122 .015 .471 .098 .046 
N 21 22 14 12 12 12 8 12 12 
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Figure 5.16 Box and whisker plots of B(OA) and PROMs before and after surgery. B(OA) has 
been representing as 100% - B(OA), such that magnitude interpretation matches that of the 
other PROMS.  
 
Figure 5.17 Illustration of the strength of linear relationship between the B(OA) score, and both 
the KOS (blue circle, linear trend dash-dotted) and OKS (orange triangle, linear trend dotted) pre-
operatively.  
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The OKS has been specifically designed to assess the outcome of joint replacement, 
while being influenced as little as possible by other comorbidities (Murray et al., 2007). 
The score was also recommended by the department of health in the UK for quantifying  
TKR outcomes (Smith et al., 2005), and a number of studies have shown that post-
operative OKS can be used to predict satisfaction (Clement et al., 2013). It is therefore 
a particularly positive finding that functional gait classification appears to be moderately 
correlated to the OKS in particular. Had a very strong correlation been found, the 
conclusion might have been that the functional gait classification was adding little to the 
understanding of outcome. Had a very weak correlation been found, this would have laid 
question as to whether changes in gait classification are clinically relevant to the patient. 
PACS There appeared to be no relationship between PACs pain score and pre-operative 
gait classification (pre-B(OA)). However, it appears that post-operative gait function was 
more strongly correlated to post-operative pain. Thus, post-operative change in B(OA) 
doesn’t appear to be correlated with post-operative reductions in pain. These results 
suggest that biomechanical gait adaptations of late-stage osteoarthritic subjects are 
beyond that of typical antalgic gait adaptations, which aim to reduce weight bearing. It is 
always challenging to identify potential causal relationships between correlated variables 
and these hypotheses should therefore be treated with caution until further tested. This 
is particularly true in interpreting the relationship between pain and biomechanics 
following surgery, as post-operative pain may alter function, poor biomechanical function 
following surgery could lead to pain, or level of function restored may well be simply a 
good predictor of level of pain reduction.  
KOOS Pre-operatively there were no statistically significant correlations between B(OA), 
and either the KOOS cumulative score, or any of the KOOS sub-scores. There was, 
however, reduced statistical power due to only having pre-operative KOOS scores for 12 
out of the 22 subjects. Much like PACs, there appears to be a strong relationship between 
B(OA) and a KOOS scores post-operatively. This relationship reaches the greater 
threshold of significance of p<0.01 when correlating to KOOS-ADLs, KOOS – QOL and 
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the KOOS-Total. Perhaps due in part to a weak pre-operative relationship, only post-
operative changes in KOOS-ADLs and KOOS-Total appeared related to post-operative 
changes in B(OA). Walking is a very common activity of daily living, and has cross-overs 
in terms of functional requirements with many other common activities. It is therefore not 
surprising that this sub score is most correlated with improvement in gait function. 
Summary: The level of B(OA), within the Cardiff Classifier appears to be consistently 
moderately correlated to KOS and OKS scores. There appears to be greater correlation 
between patient-reported function and pain, and objectively measured gait biomechanics 
post-TKR surgery. This finding is contrary to the initial hypothesis, which proposed that 
patient-reported outcomes would be much greater than objectively measured function 
following surgery.  
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5.4.6 Predicting Post-Operative Improvement 
Clinical Measures 
The results of the analysis of potential biomechanical predictors of post-operative 
recovery are displayed in Table 5.2. Surprisingly, within this cohort, neither pre-operative 
age, weight or BMI were significantly linearly correlated to either the change in B(OA) 
following TKR surgery or improvement in OKS. The effects are, however, going in the 
expected direction – as literature suggests, increased weight and BMI are risk factors for 
poor TKR outcome (AAOS, 2015), and preliminary work identified advanced age as a 
potential pre-operative risk factor ( See Section 5.2). All three were also correlated more 
with improvement in OKS, as opposed to B(OA), with age almost reaching the first 
threshold for significance with a p value of 0.07.  
Considering the AAOS, established that there was a “strong” level of evidence of a 
relationship between obesity and TKR outcome, it is surprising that this wasn’t reflected 
within the findings of this study. One potential explanation is that, while BMI might be a 
risk factors of poor TKR outcome, the effect is unlikely to be linear. Previous studies 
which have identified high BMI as a risk factor have categorised BMI using defined 
threshold (Spicer et al., 2001). The relationship between the magnitude of improvement 
in B(OA) and OKS, and the categorised BMI is shown within a stem and leaf plot in 
Figure 5.18. A more recent review of the effect of BMI on TKR outcome, which 
considered the findings of 50 articles, concluded that functional improvements appear to 
be equivalent between high and low BMI patients, however, the risk of complications was 
higher and implant survival was lessened in high BMI patients (Rodriguez-Merchan, 
2014). This study supports these findings: high BMI subjects appear to have achieved 
similar functional gains at around 12-months post-operatively, however the longevity of 
the prosthesis in this cohort is yet to be determined. The findings presented in this thesis 
only consider relatively short-term outcome, and may not be representative of longer-
term outcomes. 
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Table 5.7  Summary of linear correlations between changes in B(OA) and OKS, with pre-
operative clinical, temporal-spatial, kinematic, kinetic and summative (classification) data. 
Statistical significances below p<0.05 are shown in light grey, and p<0.01 in dark grey 
 
 
 
 
 
Change in BOA Change in OKS 
Corr Sig. N Corr Sig. N 
Clinical 
Age -0.19 0.41 22 -0.41 0.07 21 
Weight -0.12 0.60 22 -0.26 0.25 22 
BMI -0.15 0.50 22 -0.24 0.28 22 
Operative leg OKS -0.17 0.45 22 -0.36 0.10 22 
Non-operative leg OKS 0.29 0.29 15 -0.13 0.65 15 
Temporal- spatial 
Cadence 0.07 0.75 22 0.13 0.57 22 
Stance width 0.18 0.44 20 -0.19 0.42 20 
Stance percent -0.39 0.08 22 -0.37 0.09 22 
Stance time symmetry -0.32 0.14 22 -0.32 0.15 22 
Double limb support -0.16 0.52 20 -0.26 0.27 20 
Kinematic 
Knee flexion at HS -0.07 0.75 22 0.19 0.40 22 
Knee extension late stance 0.05 0.82 22 0.37 0.09 22 
Knee peak flexion angle -0.01 0.96 22 0.00 1.00 22 
Knee peak percent -0.44* 0.04 22 -.437* 0.04 22 
Knee ROM 0.03 0.89 22 -0.16 0.47 22 
Hip ROM 0.20 0.38 22 0.17 0.45 22 
Ankle ROM -0.45* 0.04 22 0.32 0.15 22 
Hip adduction HS -0.40 0.06 22 -0.27 0.23 22 
Knee adduction HS -0.48* 0.03 22 -0.26 0.25 22 
Ankle Eversion HS -0.59** 0.00 22 -.549** 0.01 22 
Kinetics 
V GRF P1 -0.20 0.37 22 -0.16 0.48 22 
VGRF P2 -0.18 0.42 22 0.12 0.59 22 
V Drip ratio 0.30 0.18 22 0.34 0.13 22 
Posterior GRF peak 0.12 0.58 22 0.11 0.64 22 
Anterior GRF peak -0.07 0.76 22 -0.11 0.64 22 
ML Peak 1 -0.09 0.69 22 -0.15 0.52 22 
ML Peak 2 -0.03 0.90 22 0.02 0.95 22 
Summative 
Pre-op B(OA) operative -0.17 0.64 22 0.05 0.84 22 
Pre-op B(OA) non-operative -0.13 0.95 22 -0.44 0.85 22 
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Figure 5.18 Stem leaf diagrams of the level of A) the post-operative reduction in B(OA), and B) 
The improvement in OKS relative to typical BMI category thresholds.  
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Neither the pre-operative OKS nor the B(OA) score of either the operative or non-
operative leg appeared to have a significant linear effect on post-operative improvement. 
This differs from the findings of previous researchers using the DST classifier to 
discriminate osteoarthritic function; who found that poor function before surgery resulted 
in worse functional outcomes following TKR surgery (Watling, 2014, Worsley, 2011, 
Metcalfe, 2014).   
Temporal-spatial 
None of the temporal-spatial parameters considered within the analysis were 
significantly linearly correlated to improvement in B(OA) or OKS. In contrast to 
preliminary findings discussed in Section 5.2, neither pre-operative cadence or stance 
percent were indicators as potential predictors of recovery. The percentage of time spent 
in stance phase did almost reach significance, with a p value of 0.08, therefore there 
might not be sufficient statistical power to estimate this effect.  
Kinematic  
In keeping with preliminary findings, neither pre-operative sagittal knee ROM, knee 
flexion during loading response, nor flexion/extension towards terminal stance and toe-
off appear to be significantly linearly correlated to post-operative improvement. 
Surprisingly, in contrast with preliminary findings, peak knee flexion during swing phase 
appears to have no effect on post-operative recovery. A new measure which wasn’t 
previously included was the timing of the peak knee flexion, which indicated that subjects 
who reach peak knee flexion at a later stage might recover less following TKR surgery.  
Kinetic  
None of the kinetic measures included within the analysis were found to be significantly 
linearly correlated to improvement in B(OA) or of the OKS score. The closest result to 
reaching statistical significance was the dip ratio of the vertical GRF. The level of “double 
dip” within the vertical GRF is influenced by the vertical movement of the COM of the 
subject during gait.  
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In contrast to previous findings, no linear correlation was observed between the peak of 
the anterior GRF at push-off pre-operatively, and the post-operative improvement. This 
is in keeping with the finding in this cohort that the magnitude of peak knee flexion during 
swing, knee extension at terminal stance, and also cadence pre-operatively, had little or 
no impact on outcome. These are all gait variables that are largely affected by walking 
speed and therefore do not support preliminary findings that biomechanical attributes 
associated with slow gait might be predictive of poor post-operative outcomes. 
Further Discussions  
In theory, the core goal of walking is to progress the COM of the body within the sagittal 
plane. As such, much of the loading and motion of our joints also occurs within this plane. 
Preliminary findings suggested that biomechanical variables are associated with slower 
progression of the COM in sagittal plane. This wasn’t, however, observed within the 
cohort presented in this chapter.  
The variable identified as most significantly correlated with changes in B(OA) within this 
chapter was the coronal plane ankle angle at heel strike. The ankle angle was defined 
by the angle of the shank relative to a virtual foot segment (see Section 4.2.4), It is 
therefore assumed that the foot segment is at zero inversion/eversion at HS, and any 
coronal plane angle is measured from that reference position. Figure 5.19 shows the 
change in B(OA) against the ankle eversion angle at HS pre-operatively.  
 216  
216 Chapter 5 - Quantifying Functional Changes Following Total Knee Replacement 
Surgery 
 
Figure 5.19 The relationship between ankle eversion at HS pre-operatively, and reduction in 
B(OA) following surgery. 
 
Although the ankle eversion at HS was approximately normally distributed (Shapiro-Wilk 
test), subject 8 may well be having a large effect on the strength of the linear correlation 
found within this variable. Subject 8 was not detected as an outlier. A re-run of the 
statistical analysis without this subject results in a much smaller correlation of r= 0.43 
and p=0.052. In fact, with subject 8 removed from the analysis, there are no variables 
which show a statistically significant linear correlation with the improvement in B(OA). 
The interpretation of the relationships does remain similar, but the effect sizes are not 
large enough to reach significance with a cohort of this size.  
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5.5 Conclusions 
Aim 1: Do pre, post-, and the relative change in subjective outcome measures correlate 
with changes in biomechanical gait classification? 
The trained DST classifier defined in the previous chapter was used to objectively 
summarise the gait biomechanics of 22 subjects pre-and post-TKR surgery. The 
changes in the degree of belief of osteoarthritic function B(OA) was used to objectively 
define post-operative improvements in biomechanical gait function towards that of a 
healthy individual.  
It was hypothesised that the objective B(OA) would correlate well with PROMs before 
surgery. However, considering functional outcomes appear to be over-reported in TKR 
patients (Mizner et al., 2011), it was expected that B(OA) would correlate less to PROMs 
following TKR surgery. Within this study, the opposite appeared true. The OKS, which is 
the primary outcome measure of TKR surgery in the UK (Clement et al., 2013), was 
found to correlate pre and post-operatively to B(OA), as was the KOS.  
Post-operatively, nearly all PROMs included in this study correlated with the post-
operative changes in B(OA). This was a contrary to the study hypothesis and it appears 
that the objective quantification of gait function defined within this study was linearly 
correlated to patient-reported knee function. It is difficult to say whether improvement in 
function was generally under or over-reported, due to the nature of the measures 
themselves. The scale of each of the outcome measures is difficult to compare: for 
example, a subject recovering from 80% B(OA) to 40% B(OA) can’t be directly compared 
to a subject whose PROM score has gone from 80% to 40%. 
Aim 2: Does functional recovery return following TKR? 
This study found overall biomechanical improvements in the operative limb of 19 of 22 
subjects, and in the non-operative limb of 16 of 22 subjects. The post-operative reduction 
in B(OA) on the operative limb was strongly correlated to that of the contralateral limb. It 
was hypothesised in Section 5.1 that there would be a clearly distinguishable group of 
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improvers, and non-improvers following surgery. In contrast to the preliminary findings 
presented in Section 5.2. There was no clear and discernible boundary of improvement 
to separate the subjects into these two categories. 
Aim 3: Does severity of pre-operative gait abnormality predict improvement in gait 
following surgery? Are there other biomechanical clinical factors which might predict 
improvement. 
An analysis was performed to explore potential predictors of post-operative improvement 
in both B(OA) and OKS measures. This included several measures and only analysed 
for statistically significant linear correlators. Preliminary findings of gait velocity, AP force, 
and knee flexion during swing, as predictors of outcome; found within a further analysis 
of data from Watling (2014), were not observed within this study. Instead, ankle eversion 
and knee adduction at HS, ankle ROM, and timing of the peak knee flexion angle during 
swing, were found to be linearly correlated. A large number (29) of variables were 
examined in this exploratory analysis, therefore these results should be interpreted with 
caution. Furthermore, statistical significance was dependant on the inclusion of subject 
8. Although subject 8 was not identified as an outlier, this does increase the likelihood 
that these findings are false positive findings.  
This chapter has delved much deeper into not only the changes in overall B(OA) pre and 
post-operatively, but also how the individual input variables have contributed to those 
classifications at both time points. This has allowed further insight as to which input 
biomechanical variables changed following surgery, for both the whole cohort and for an 
individual subject.  
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5.6 Clinical Summary 
Satisfaction following TKR surgery is comparatively poor, and objective performance-
based measures might elucidate and help predict the level of functional recovery 
following surgery. The previous chapters build the foundations of a classification of 
biomechanical features which accurately discriminate OA gait. This chapter applies this 
classification to the biomechanics of 22 subjects before and around 12 months following 
TKR surgery. 
Biomechanical recovery following TKR surgery was variable in this cohort, with 
no clear improvers/improvers. This is in contrast to previous studies considering HMA 
data (Metcalfe et al., 2017, Watling, 2014). 
Biomechanical recovery, and improvement in OKS score following TKR surgery 
didn’t appear significantly affected by pre-operative BMI within this cohort. This 
supports findings by (Rodriguez-Merchan, 2014), suggesting short-term functional 
outcomes appear similar within these cohorts. 
 Pre-operative functional status of the operative, or the contralateral limb, didn’t 
predict recovery of either the OKS score, or improvement in biomechanics 
following surgery.  There is evidence to suggest one of the biggest predictors of 
outcome is pre-operative function (Lingard et al., 2004), however this chapter has 
focused specifically post-operative change, or improvement, as opposed to considering 
the post-operative status alone. This might explain why this effect was not observed. It 
might also be that the cohort within this study was not heterogenous enough in pre-
operative functional status to observe a significant effect, perhaps due to the inclusion 
criteria adopted clinically for consideration of TKR surgery.  
PROMs might be more reflective of biomechanical function post-operatively. There 
is growing evidence that measuring functional changes following TKR requires both 
patient-reported and objectively assessed measures (Mizner et al., 2011, Naili et al., 
2016). Findings from this study suggest that biomechanical joint function was less 
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strongly correlated PROMs, particularly the PACs pain and KOOS scores, pre-
operatively. The sole use of patient-reported measures changes in functional outcome 
therefore might not reflect objectively assessed changes. Some studies have specifically 
found that patients report their improvements in physical function to be higher than it 
seems during objective assessments (Stratford and Kennedy, 2006, Worsley, 2011, Naili 
et al., 2016). One interpretation of the results of the current study is that function might 
be under-estimated before surgery using PROMs, and hence contributed to over-
reported function gains.  
Ankle alignment might be important in predicting post-operative outcome. This 
study found the strongest predictor of outcome following TKR surgery was the ankle 
eversion angle at heel-strike. It is well known that varus/valgus alignment of the tibial 
component during TKR surgery might lead to changes in load distribution, increase 
likelihood of implant loosening, and hence decrease implant survivorship (Werner et al., 
2005). While the effect of knee alignment on TKR outcomes is well researched, there is 
much less evidence in the literature regarding alignment of the ankle. One study found 
highlighted that planovalgus foot might be a predictor of poor outcomes following 
surgery, finding posterior tibial tendon insufficiency within 12 of 48 revision cases 
(Meding et al., 2005). Interestingly, posterior tibial tendon insufficiency appears to result 
in rearfoot eversion throughout the stance phase of gait (Tome et al., 2006). The cohort 
within this study was small (22 subjects), however there may be reason to believe that 
either pre-operative ankle alignment itself, or the underlying mechanisms causing the 
malalignment, might affect post-operative outcomes.  
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Chapter 6 - Discussions 
 
The research presented within this thesis will be further discussed within this chapter, 
and referred to the original objectives listed in Section 1.2.  
6.1  Objective 1: Assess the validity and robustness of Jones’ application 
of PCA dimensionality reduction and DST classification in 
characterising OA gait.   
Within Chapter 3 it was introduced that since the DST classification work of Jones (2004), 
data collection has continued in a way which was compatible with these original methods. 
This provides an opportunity to test and validate the proposed techniques with a much-
expanded cohort. For several reasons introduced within this chapter, it was deemed 
appropriate to expand upon pre-existing MATLAB code in order to process knee 
kinematics, and to include joint moment calculations. Part of this involved the addition of 
scripts which facilitated batch processing of biomechanical data using a central subject 
database. This provided further practical advantages in the ability to automatically detect 
the correct analogue channels and force plate calibration to use, fast reprocessing when 
updating biomechanical scripts and adding knee kinetic calculations, and the fast 
collation of data into a single file in preparation for waveform feature extraction. The 
updated and modified code was used to increase the cohort of subjects when using 
Jones’ original input variables from 20 OA and 22 NP subjects to 85 OA and 38 NP 
subjects. 
6.1.1 Dimensionality Reduction 
Throughout this PhD thesis, PCA has been used as a dimension reduction technique for 
temporal biomechanical data. Previous research has demonstrated that this technique 
is an efficient way of objectively describing differences between OA and NP gait 
biomechanics (Jones et al., 2006, Deluzio and Astephen, 2007, Landry et al., 2007). 
When using PCA for data reduction, it is necessary for the researcher to decide how 
many PCs to retain. Three methods are discussed in this thesis: 
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1. Kaiser’s rule - Previous researchers have used Kaiser’s rule as an initial 
retention method, in which PCs which describe less than 1% of the total variance 
are excluded. This technique often retains a vast amount of PCs, with many 
having little significance (Jackson, 1993, Ferré, 1995). The first three PCs were 
initially considered within Section 4.3.3, and of those, only the first two PCs were 
ever considered for further analysis. Of those 18 PCs considered further, 16 of 
them described at least 10% of variance, and the remaining two still described 
over 5% variance. While the adoption of Kaiser’s rule was not directly 
implemented and compared within this study, the findings suggest that PCs which 
describe between 1-5% variance would have been unlikely to have clinical 
importance in describe OA biomechanics. Kaiser’s rule may therefore be too 
conservative a technique when applying PCA to temporal joint biomechanics 
obtained from HMA. 
2. Factor loadings rule - Another technique which has been used, is to consider 
only PCs which have a factor loading of above 0.71 or below -0.71 at some point 
of the gait cycle (see Section 3.4.8). It was discussed that this factor loading is 
essentially the correlation between the original data points and the reconstructed 
points for each percentage of the gait cycle. This threshold might be therefore be 
better explained as the r2 > 0.5, where at least 50% of the variance is 
reconstructed by that component. This thesis has demonstrated how using this 
threshold can result in potentially important PCs being discarded within 
biomechanical data. Within the top 18 variables within Section 4.3.4 which proved 
to accurately discriminate OA gait, four of them were PCs which otherwise 
wouldn’t have been considered for analysis. One of them, PC2 of the hip 
adduction angle, was ranked 6th with a LOO classification accuracy of 86.1%. 
This PC was discussed further in Section 5.4.1, and appears to distinguish 
between pelvic drop (Trendelenburg gait) and hip hiking during gait. This feature 
didn’t represent greater than 50% of the variance at any point of the gait cycle 
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due to large magnitude offsets in the adduction angle throughout the gait cycle, 
which were reconstructed by PC1.  
3. Novel method – A choice was made within Chapter 4 to initially include at least 
the first three PCs of each waveform, and then to also include any additional 
components which fulfilled the squared factor loading r2 > 0.5 rule. This rule is 
discussed further in Section 4.2.8. This rule was found to be initially more 
conservative than Kaiser’s rule, however retained important and clinically 
meaningful features which were previously discarded by the factor loadings 
method. This technique resulted in 70 PCs being retained from 69 variables, with 
a 4th PC being retained through the additional factor loading rule on only one 
occasion.  These PCs were then further reduced by considering their 
classification ranking using two datasets (each containing half the total data). Of 
the 18 PCs retained, only the top two PCs were ever considered. This latter rule 
only ever considered the first and second PCs, suggesting that the third PCs 
often either contained information on biomechanical changes which were only 
present in a select number of the OA subject, or, more likely, contained 
information of small magnitudes of variation and of little clinical significance.  
Future studies are therefore strongly advised to use the factor loadings rule as an initial 
PCA retention techniques as it may discard important biomechanical features, and that 
in many cases only the first two PCs contain relevant information regarding 
biomechanical differences between OA and NP subjects. Previous studies have also 
considered retaining PCs by assigning a threshold of variance which must be described 
by each waveform i.e. select however many variables required to represent x% variance 
for each waveform (Deluzio and Astephen, 2007). Following this technique, discriminate 
analysis was then used to investigate the most distinguishing biomechanical features. 
This applies a methodology as the novel method used in this study, where the initial rule 
was less conservative, and then an additional multivariate analysis technique is used to 
further rank and retain components.   
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Alongside discarding important gait features, the use of factor loadings alone to interpret 
and contextualise PCs can be misleading. An example of this are the PCs of the knee 
flexion/extension angle displayed within Section 3.6.2 . The flexion/extension waveforms 
and their reconstructions have been replotted in Figure 6.1 (see Figure 3.30 for the 
original). When interpreting waveforms considering only the factor loadings, an approach 
which has been adopted in previous studies (Jones, 2004, Whatling, 2009, Metcalfe, 
2014, Watling, 2014), PC1 would have been interpreted as representing variance at 0-
57% of the gait cycle, and PC2 would have been interpreted as representing between 
59-64% of the cycle. Within the region represented by PC1, OA subjects appear to have 
reduced peak knee flexion at midstance, and reduced peak extension during terminal 
stance – i.e. reduced ROM over stance phase. Within the region represented by PC2, 
OA subjects appear to have delayed and reduced peak knee flexion. Within the final 
       A) 
B) C)  
Figure 6.1 The average knee flexion extension waveforms for NP and OA subjects and the 
regions where retained PCs represent >50% of the variance. B) The reconstruction of these 
waveforms using PC1. C) the reconstruction using PC2.  
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classification, PC2 was shown to classify much more accurately (81.6%) than PC1 
(52.6%). The interpretation would therefore be that reduced peak knee flexion is much 
more indicative of OA gait than reduced ROM during stance phase. If, however, we 
consider the reconstructed waveforms using each PC, shown in Figure 6.1B&C, it is 
PC2, not PC1, which reconstructs reduced ROM during stance phase. The corrected 
interpretation is therefore quite the opposite, the reduced ROM during stance is indicative 
of OA, and is highly correlated with reduced peak knee flexion.  
6.1.2 Challenges in PC Reconstruction:  
There have been a few instances in which the interpretation of reconstructed PCs has 
been a challenge. Level gait biomechanics are generally considered to be periodic, 
hence temporal alignment can be achieved by normalising between gait events. When 
considering gait kinematics, it is very common to normalise as a percentage of the whole 
gait cycle, from initial contact to the following foot contact of the same leg. While this is 
a common technique, functionally important gait events within a gait cycle often vary 
within this gait cycle (Helwig et al., 2011),  which has led to alternative techniques of time 
normalising such as curve regression (Sadeghi et al., 2000).  Figure 6.2 shows the 
ensemble average flexion/extension waveform for a single subject and the 
reconstruction of that waveform using the first two PCs displayed in Figure 6.1. Despite 
overestimating the peak knee flexion during stance and swing, the reconstruction is 
reasonably faithful to the original waveform. Within Figure 6.2B, the same waveform was 
manipulated such that toe-off occurred 5% earlier, and an additional 5% of the gait cycle 
was therefore spent in swing phase. Notice how the reconstruction of this waveform 
using the first two PCs is much less faithful to the original curve and how, in fact, the 
reconstruction accounts for very little of the temporal shift. To summarise, it appears that, 
when a waveform is not perfectly periodic, faithfulness of PCA interpretation and the 
subsequent interpretation becomes less reliable. Magnitude differences in the data  
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 (shifts in the y-axis) therefore appear well reconstructed; however temporal shifts within 
the data (shifts in the x-axis) seem more challenging to reconstruct.  
6.1.3 DST Classification Control Parameters  
Before using this technique to further test and validate the DST classification method, 
two theoretical disadvantages with the control parameters recommended by Beynon 
(2002), and also used by a number of authors adopting these techniques (Jones, 2004, 
Whatling, 2009, Worsley, 2011, Watling, 2014, Metcalfe, 2014), were highlighted. The 
first of these is the definition of θ, the variable value at which cf(θ) = 0.5. This value was 
contextually compared to the sigmoid input bias of an ANN; however unlike within an 
ANN this value is not iteratively optimised and is instead explicitly defined. Two new 
A) 
B) 
 
Figure 6.2 Illustration of the effect of temporal shifts has on the resultant PC reconstruction. 
Figures A) Displays the original flexion/extension angle for a single subject (bold), and the 
reconstruction of that angle using PC1 and PC2 (dashed). Within B) the waveform has been 
shifted and interpolated such that toe-off occurs 5% of earlier within the gait cycle. The 
reconstruction of this shifted waveform is noticeably less faithful to the original curve.  
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methods of defining θ, referred to as θA and θS, are proposed and tested throughout this 
chapter.  Within the tested data sets it is apparent that both new methods result in large 
improvements in LOO classification in comparison to the original definition, with 
improvements in classification accuracies as large as 7.3% (9 less misclassified 
subjects). The definition θS,, which is adjusted to account for difference in variance 
between the two data groups, resulted in a more modest improvement over θA. 
The second theoretical disadvantage was that of the definition of k, which defines the 
steepness of the sigmoid activation function. It was first highlighted that this value had a 
similar function to the inputs weights of an ANN, again being defined explicitly as 
opposed to being optimised iteratively. The use of the correlation coefficient kc to define 
the steepness results, as recommended by Jones (2004), results in a bias such that input 
variables of a larger scale, e.g. height in millimetres, result in larger belief functions than 
equivalent input variables of smaller scale e.g. height in metres. This is because the 
classifier input variables aren’t typically standardised. It was shown that the use of the 
other definition tested by Jones, ks, which defines the steepness relative to the standard 
deviation of the input variable, corrects for this. This, however, merely acts as 
standardisation, and doesn’t weight input variables based on their ability to discriminate 
between the two groups. A new method, kC/S, was proposed and tested, and found to 
result in modest improvements in classification accuracy. The relatively small 
improvements in the performance of kC/S over kC is likely because the input variables 
were derived from PCA. The adopted methodology for calculating PCs involves the 
calculation of z-scores. While the standardisation of data within PCA doesn’t necessary 
result in PC scores of equivalent scales, anecdotally the scales of selected PC scores 
did appear similar.   
6.1.4 Robustness of Classification 
Data classification techniques are susceptible to over-fitting, in which performance on 
training data might not well reflect performance on unseen data (see Section 3.5.4). 
Previous use of the DST classification method within this research group has adopted 
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the use of the LOO classification technique, which optimises the size of the training 
cohort by only removing one subject at a time from the training body, treating this one 
subject as “unseen data”, and then attempting to classify them. This study has compared 
the LOO technique with leave-p-out techniques; with different values of p being 
considered. In summary, the LOO technique appeared to be no less conservative in its 
accuracy estimations even when p was as large as 20, in a cohort of 85OA and 38 NP 
subjects.  
Within Section 3.6.5 it was also demonstrated that LOO classification accuracy increased 
quite dramatically from cohort sizes of up to ten subjects in each group (20 total), and 
then began to plateau particularly towards cohorts of 30 within each group. This may be 
useful in future studies, as well as adding confidence that the training bodies used within 
this thesis were large enough to model OA biomechanics. 
The objective reduction of input variables based on their discriminatory power within the 
training body was demonstrated to bias the classification performance. Therefore, within 
Chapter 4 the training body was split into two halves, the input variables were ranked, 
and then the ranked variables were compared. The top 18 ranked variables were 
consistent between the two halves of the training body, and hence were selected for 
further analysis. This reduces the risk of classification bias in the selection of input 
variables to retain in the classification training body.  
6.2 Objective 2: Determine the biomechanical changes in the ankle, knee 
and hip and due to late-stage osteoarthritis using the methods 
developed in Objective 1.  
6.2.1 Ground Reaction Forces 
The GRF repeatedly demonstrated to be remarkably reliable at distinguishing between 
OA and NP gait. Within each classification, the vertical and the AP GRF were the two 
top-ranked input variables.  The feature consistently identified from the vertical force is 
that of a slower rate of load acceptance and offloading, and a reduced “double peak” of 
reaction force.  
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The features consistently identified within the AP force were the magnitude of the 
posterior force in the first half of stance, and the anterior force in the second half of stance 
phase. The magnitude of this braking and propulsive forces are very much related to the 
speed at which the subject is walking. If we take Newton’s second law, F=ma, and 
consider that standing limb must decelerate after contact and accelerate at push-off, 
apparent that faster walking requires larger accelerations and hence increased force. 
Walking speed is a confounding variable which challenges interpretation of the results 
within this study. The reduced gait velocity could be in avoidance of pain or instability 
associated with increased braking or propulsion during gait.  
The mediolateral GRF wasn’t initially included by Jones (2004) and was added to the 
classification training body in Section 3.6.6. While not ranking as highly as AP and 
vertical forces, the second PC of the mediolateral force also proved reliable in 
distinguishing OA gait. In both instances, the second PC of the ML force appeared to 
also reconstruct the level of double peak of the reaction force, as opposed to PC1 which 
constructed larger magnitude differences. 
6.2.2 Knee Kinematics 
The knee kinematic which appeared to best discriminate osteoarthritic function was the 
knee flexion angle. This is perhaps not surprising as the goal of gait is to move the COM 
within the sagittal plane, and hence both force and movement tend to be greater within 
this direction. Because of the increased magnitude of sagittal angles necessary for gait, 
both intra-subject variability and inter-subject differences tend to also be of larger 
magnitudes. STA and marker placement error are well established as the most 
significant sources of error during HMA. These appear to result in the smallest magnitude 
of error within knee flexion extension angle, and the largest within the internal/external 
rotation angle (Leardini et al., 2005) (Della Croce et al., 2005). This is reflected within 
the current study, which found that knee coronal and transverse angles were poorly 
ranked within the classification, and often the first principal component of the transverse 
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angles represented a large offset throughout the waveform which might indicate errors 
in the definition of the joint axis. 
The specific feature of the knee flexion waveform that well distinguished OA was the one 
which represented a reduction in ROM during the stance phase of gait, associated with 
reduced peak knee flexion during swing phase. The peak knee flexion also tended to 
occur later, and was associated with slower extension during terminal swing. This feature 
was consistently represented within the second PC, with the component describing most 
variance reconstructing differences in magnitude of flexion during stance phase as 
opposed to the ROM. This first PC appears to be much less associated with pathological 
gait. 
6.2.3 Knee Kinetics 
The two PCs which have been used to calculate joint moments have found differing 
results as to the most important knee joint moment in distinguishing OA. The first 
technique used within Chapter 3 found PC1 of the flexion/extension moment to best 
discriminate OA function, which reconstructed a reduced external flexion moment during 
the first half of stance and reduced extension moment within the second. When using 
the larger cohort and methodology of Chapter 4 however, a very similar feature was 
identified as PC2 of the flexion moment and was only the second highest ranking knee 
joint moment. The highest ranked was that of PC2 of the knee adduction moment, which 
reconstructed the reduction of the “double peak” of the knee adduction moment, with a 
consequently larger moment at midstance and a slower rate of offloading towards toe-
off.  The EKAM was introduced within Section 2.1 as a proposed surrogate measure for 
medial contact forces, a biomechanical factor related to radiographic alignment, and has 
often been reported to increase in more severe OA (Foroughi et al., 2009). It is interesting 
that the feature which appeared to very consistently distinguish OA gait was not related 
to magnitude of the moment, but instead to level of “double peak”. 
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6.2.4 Hip Kinematics 
At the hip, kinematic features within the coronal plan were better at discerning OA gait 
biomechanics than the other two planes. The feature which discerned OA gait was the 
second PC if the hip adduction angle, which characterises a relatively more adducted 
hip during the first half of stance, and a relatively more abducted hip during swing phase. 
It was proposed that this could be a sign that there was pelvis/trunk lean towards the 
side of the leg in stance, which might be a sign of “hip hiking” to increase ground 
clearance.  
6.2.5 Hip Kinetics 
Similarly, the coronal plane moment, the hip adduction moment, was the kinetic feature 
of the hip which best distinguished OA gait. The second PC of the hip adduction moment 
was ranked 4th with 87.5% LOO classification accuracy, and again reconstructed the 
level of “double peak” of the hip adduction moment.  
6.2.6 Ankle Kinematics 
The kinematics of the ankle appeared less powerful at discerning OA gait. In fact, only 
one kinematic feature of the ankle was included in the classification defined within 
Chapter 4 – the second PC of the ankle plantar/dorsiflexion angle. This PC was ranked 
17th with a LOO classification of 76.3% and reconstructed a delayed ankle dorsiflexion 
during stance phase, a late initiation of plantarflexion at midstance, and a reduced peak 
plantarflexion at toe-off. From a slightly plantarflexed position after foot contact, the ankle 
would normally begin to dorsiflex as the knee progresses in the anterior direction; 
however, with OA subjects, this appears slightly delayed. In NP subjects, at around 50% 
of the gait cycle the heel will often start to rise, which initiates increased plantarflexion 
towards toe-off - OA subjects in this study tended to have a delayed initiation of this 
plantarflexion, perhaps indicating late heel rise. Furthermore, NP subjects appeared to 
reach a peak plantarflexion angle of 5-15 degrees around toe-off; however, this appeared 
reduced in OA subjects. This might indicate that OA subjects have their knee in a more 
anterior position at toe-off, hence moving the ankle in to a relatively more dorsiflexed 
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position, or perhaps that the angle of incidence of between the foot and the floor was 
less at heel strike. If the latter is true, it might be that the COP at toe-off was relatively 
more posterior in the OA subjects than in the NP subjects, which should be explored in 
more detail in future work.   
6.2.7 Ankle Kinetics 
Of the three ankle-joint moments, the most distinguishing factor of OA gait was PC2 of 
the ankle plantarflexion moment. It has already been established that OA subjects had 
a reduced “push-off” force towards toe-off; however, the PC which reconstructed large 
magnitude differences of the ankle plantarflexion moment peak, PC1, was poorly ranked 
within initial classifications (31st) and was therefore not retained for further analysis. The 
second PC reconstructed an increased plantarflexion moment throughout the first half of 
stance, which was associated with a reduced peak plantarflexion moment throughout the 
second half of stance. Figure 6.3 displays alongside the mean ± 1 STD of the 
plantarflexion moment during stance phase for the 41 OA and 31 NP subjects included 
within Chapter 4. It is noticeable that when treated as a single group, OA subjects don’t 
appear to display an increased plantarflexion moment during the first half of stance 
phase.  
 
Figure 6.3 Displays the mean ± 1 STD of the plantarflexion moment of the 31 NP and 41 OA 
participants of Chapter 4 during stance phase. 
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6.3 Objective 3: Objectively measure biomechanical changes following 
TKR surgery, and elucidate the relationship between pre and post-
operative gait biomechanics, and patient-reported outcome.  
Overall there were very clear signs of functional improvement of the operative leg within 
the majority of subjects following TKR surgery. Watling (2014)used the DST classifier to 
measure changes in function of 12 TKR subjects, finding that five of these subjects 
(41.7%) received little to no functional benefit following TKR. Watling also identified two 
additional groups – mixed recovery and poor recovery. Within this small cohort, there 
appeared to be some separation between the poor recovery group and the other two 
groups. Recovery within the poor outcome group ranged between an increase of 1% 
B(OA), to a decrease of 12% B(OA), while the worst of the “mixed” recovery group had 
reduced by 0.28 B(OA). Within this study however there appears to be much less of a 
divide between good and poor recovery. Had the same threshold been considered, a 
reduction of 12% B(OA), this study would have identified six of the 22 subjects who had 
poor functional improvement (27%).  
Metcalfe also identified two clusters of improvement using similar methodology in 14 
unilateral knee OA subjects undergoing TKR surgery, with seven subjects being 
classified as predominantly healthy post-operatively. High pre-operative B(OA), 
increased age, and decreased pre-operative walking speed all appeared to be highly 
correlated to functional improvement following surgery.  
This study has explored the classification results in greater depth than previous studies 
adopting the DST classification method. More specifically, the contribution of individual 
bodies of evidence to the belief values have been analysed pre and post-surgery, in 
order to determine which biomechanical features have been altered most by TKR 
surgery. In summary, kinematic changes were most apparent in the sagittal plane of the 
hip and knee; however, there also appeared to be apparent changes in the transverse 
hip angle. In terms of kinetics, changes were most apparent in the coronal plane of the 
hip and knee, and in the sagittal plane of the hip, knee and ankle. Changes in the GRF 
were largest in the vertical, AP, and ML forces respectively. Statistically significant 
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changes were also found in the biomechanical features following surgery. Considering 
the p<0.01 threshold, eight out of the 18 input variables resulted in significant 
improvements (changes which brought the PC scores closer to that of the NP control 
group). 
6.3.1 Comparison With PROMs 
Within this study, linear correlations between B(OA) and PROMs were explored. Using 
the correlation interpretation of Evans (1996), this study found moderate correlations 
between B(OA) with OKS and KOS pre-operatively,  a strong correlation with OKS post-
operatively, and moderate correlations with all PROMs post-operatively. The previous 
research of Watling (2014) found B(OA) to strongly correlate with OKS and KOS scores, 
however considered pre- and post-operative subjects within the same analysis. Had this 
study used the same approach as Watling, strong correlations would have been found 
within every outcome measure, with the highest being with KOS (r=0.712) and KOS 
(r=0.710). An issue with taking this approach shall be outlined using Figure 6.4. Consider 
two separate variables, outcome measure 1 and 2, which quantity very different aspects 
of function. When pre and post-operative results are considered separately, it is clear 
 
Figure 6.4 Illustrative example of why different outcome measures shouldn’t be correlated both 
pre and post-operatively within a single analysis. 
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from the linear regression that there is very little relationship between the two 
measurements. Now let’s consider that both the measures aspects of function improve 
following surgery. Considering both pre and post-operative measures within a single 
analysis, it now appears as if there is a strong correlation between the two outcome 
measures (r=0.754). 
6.4 Contributions to Knowledge 
The section will briefly summarise the primary novel contributions to knowledge made 
by this research. Within this thesis, novel developments were made to the application of 
PCA and a DST classifier to objectively quantify and monitor pathological changes in 
level gait biomechanics. The key contributions have been summarised and categorised 
as: methodological if they are focused on the genetic techniques of summating temporal 
biomechanical information to objectively measure differences and changes in function, 
and clinical if they are focused on the interpretation of novel biomechanical findings using 
these techniques. 
Methodological 
• Alternative definitions of two control parameters within the DST, which were 
theoretically demonstrated to remove input bias, and when implemented 
significantly improved the accuracy of the classification. 
• The robustness of the original DST gait classification presented by (Jones, 2004) 
was validated through the significant expansion of the cohort size and the cross-
validation across different test set sizes.  
• The effect of cohort size on classification accuracy was investigated, finding only 
10 subjects in each group were required to achieve a stable classification 
accuracy of 92% ± 2.5%. 
• In contrast to the approach taken previously by (Watling, 2014), theoretical 
advantages were highlighted for the inclusion of a broad age range when 
discriminating OA and NP gait biomechanics using a DST classifier.  
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• Changes in the individual BOE within DST classification has, for the first time, 
been compared to traditional statistical methods. The analysis found that the 
biomechanical features which were deemed to have improved most following 
TKR surgery using DST classification were detected as significantly different 
changes. This increases the confidence that the DST classification method is 
deriving intuitive and interpretable relationships between biomechanical inputs 
and individual ‘beliefs of OA’. 
Clinical 
• Despite receiving little focus in the literature, transverse plane hip, knee and ankle 
moments have been found to be a very strong discriminator of late-stage OA gait. 
Furthermore, transverse moments did not appear to recover towards that of NP 
subjects following surgery. It is recommended that transverse plane moments are 
considered in future studies, and their implications on knee joint loading, control 
and function are explored. 
•  A PC of the hip adduction angle interpreted as hip hiking was a strong 
discriminator of late-stage OA gait, despite only accounting for 11% of the 
variance. From interpretation of the PC it is suggested changes in hip adduction 
relative to HS might be a more sensitive measure at detecting this biomechanical 
feature than the magnitude of the angle itself.    
• This research suggests that OKS and KOS scores are correlated to gait function, 
but that patient-reported measures seem more strongly related following TKR 
surgery. Patient-reported improvements in function have previous been shown to 
be over-reported following TKR surgery (Stratford and Kennedy, 2006, Worsley, 
2011, Naili et al., 2016), this might be due to under-estimated function before 
surgery, perhaps due to pre-operative pain, outlook, or perhaps a measure of 
confidence or stability not accounted for in this biomechanical assessment.  
• A more everted ankle at heel strike pre-operatively appeared to predict poorer 
outcome post-operatively. To the author’s knowledge, the relationship between 
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foot angulation and biomechanical outcomes have not previously been reported. 
A more everted ankle during stance is suggestive of posterior tibial tendon 
deficiency and a planovalgus foot (Tome et al., 2006), which has previously been 
suggested to influence surgical outcome (Meding et al., 2005). These findings 
were a result of an explorative retrospective analysis and warrants further 
investigation.  
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Chapter 7 - Limitations 
7.1 Variability 
Within this analysis multiple walks were considered, and the ensemble average of these 
walks were taken. Within the methodology, it was aimed to get six clean gait cycles for 
each limb, with clear single-limb force plate strikes at heel strike and toe-off. In practice, 
when processing the data, one or more of these might turn out not to be suitable for 
processing. It might take several cycles to achieve clean force plate data, and therefore 
pathological patients will occasionally start to feel pain during the session and hence 
unable to complete all six walks. In these instances, the ensemble average is being 
calculated on a smaller sample size and therefore might be less representative of the 
subject’s true average gait cycle.  
While ensemble averaging can reduce measurement errors, the validity of this technique 
relies on a low level of variability in the movement itself. An example of a subject who 
had a high degree of variability in their knee flexion angle is shown in Figure 7.1A. It can 
be seen from this figure that through taking the ensemble average of each walk, a lot of 
information is lost. For example, the subject ranges from hyperextending during 
midstance, to flexing 10 degrees. There are also large differences in the timing and 
magnitude of peak knee flexion during the swing phase of gait.  Figure 7.1B displays the 
knee flexion angles for three walks in which this was observed during data processing, 
which are labelled as Walk 2, Walk 6, and Walk 8. Walks one and walks four didn’t 
contain suitable force plate data and therefore weren’t included for analysis, however the 
original naming of the walks is preserved. It can be noticed that in this example the knee 
flexion angle during gait appears substantially different from the first to the last walk 
included in the analysis.  
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Figure 7.1 Variability in knee flexion waveforms for a single subject post-TKR surgery A) shows 
the all walks in grey, and the mean (ensemble average) in black. B) Displays only walks 2, 6 
and 8.  
 
A subject’s movement might change during the course of a study for numerous reasons. 
Subjects might have been seated for a long time before the gait analysis initiated, often 
remaining seated while they fill out PROMs and for much of marker placement. Many of 
the OA subjects reported stiff knees after sitting, and it is therefore possible that their 
knees might have become less stiff over the course of the data collection. The rigid 
marker clusters used within this study were affixed to the subjects using cohesive 
bandage tape, and were fixated tight enough to reduce relative movement between the 
skin and the cluster while still being comfortable for the subject. While upmost effort is 
made to provide a comfortable environment for the subject, gait analysis can feel like a 
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very unnatural experience, and this is likely exacerbated by the inclusion of markers, 
rigid clusters, EMG electrodes etc.  
Subjects were asked to walk along a 10m walkway at a self-selected pace, and dummy 
force plates were included within the floor to avoid force plate targeting by the subject. 
While it might not have been possible to distinguish between force plates and dummy 
plates, the flooring within the centre of the walkway was visually distinct. Figure 7.2 
displays the example where ankle plantarflexion at the first foot contact upon the force 
platform was distinctly different to that of the following foot contact. Figure 7.2C shows 
that during the actual force platform contact, the ankle is in a much more plantarflexed 
position. In fact, it appears that as opposed to striking with the heel first, the toes come 
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C 
Figure 7.2 An example of suspected fear of force platforms. A) and B) show the model 
segment view during foot contact 1 & 2 respectively, and C) displays the dorsiflexion angle at 
these points. It can be seen that the subject is much more plantarflexed at the first (force 
platform) foot contract. 
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into contract first. This may well be due to the variability of the subject’s movement itself, 
or a variable pain avoidance strategy. It could also be because of apprehension of foot 
contact, perhaps due to the subject not being confident stepping into the area in which 
the force platforms are hidden.  
7.2 Patient Cohort  
7.2.1 Heterogeneity 
Knee OA is a bilateral disease (Metcalfe, 2014) which most commonly effects an elderly 
population. TKR surgery is recommended to late-stage osteoarthritic subjects who will 
likely have been suffering with knee pain, swelling, instability for several years. Gait 
biomechanics have been shown to increasingly change during OA disease progression, 
and hence the joints of both the affected and contralateral leg, as well as the spine, will 
have suffered from altered joint mechanics over a sustained period. The subjects within 
this study reported a diverse range of symptoms which might affect the way they move, 
such as contralateral knee pain or OA, contralateral arthroplasty, back pain, ankle 
swelling, injury or pain, hip pain or replacement. Information regarding physiotherapy 
and rehabilitation exercises was taken, but not analysed. It was however noticed that 
there were large variations in the rehabilitation offered, and levels of compliance to both 
clinic visits and home-exercises.  On top of this, participants were treated by different 
surgeons, had different pre-operative KL grades, and received different implants. Even 
in cases where the implant design matches, alignment and sizing of the implant will vary 
across subjects. These clinical and surgical factors have been collected for several the 
subjects, however due to the difficult nature of accessing and recording this information 
the dataset is incomplete and hasn’t been considered within the analysis. Of the surgical 
factors which have been collated, all had fixed-bearing knees, there seemed roughly an 
equal number of cruciate-retaining and posterior-stabilised, OA most often affected all 
three compartments, and patella surfacing was inconsistently carried out.  
The heterogeneity of the cohort improves the generalisability of the results, i.e. they are 
they are not specific to TKR patients performed by a particular surgeon, using a specific 
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implant, rehabilitated by a particular clinician, however it is acknowledged the influence 
of these factors may have been influential in determining functional outcomes following 
TKR surgery. 
7.2.2 Sample Bias 
The sample of late-stage OA subjects considered within this study were those who had 
been recommended TKR surgery, and could walk at least 10m without a walking aid. 
The results therefore cannot be generalised to all patients with severe OA (KL grade 3-
4), or even all those who undergo TKR surgery. The participation in the study was of 
course optional, and therefore there may have been sample bias in those who wished to 
volunteer. Anecdotally when attempting to recruiting volunteers, those who worked full 
time often noted they would have to take multiple days or half-days annual leave, and 
were typically less flexible when booking the motion analysis sessions. 
7.3 Hardware Changes 
It was noted that in Section 3.1 that there were hardware changes within the motion 
analysis laboratory during the course of the subject data collections included within this 
study. The resultant effect of upgrading the force platforms hasn’t been quantified, 
however anecdotally there was no obvious changes in the GRF data, particularly 
following the low-pass Butterworth filtering. The change which most likely had the largest 
effect was the upgrade from ProReflex infrared cameras (Qualisys, Sweden), with a 
capture resolution of 680 x 500 pixels, to the Oqus 3 cameras (Qualisys, Sweden), which 
have a resolution of 1280 ×1024 pixels. Average residual marker trajectory errors can 
be calculated during initial calibration, and these errors were decreased from often being 
around 1.2mm, to being generally lower than 0.8mm with the updated cameras. It isn’t 
known what effect this might have had on calculations of dynamic joint biomechanics, 
however it is acknowledged that these changes are much smaller than the errors induced 
through STA, which have been reported as high as 30mm on the thigh and 15mm on the 
tibia (Peters et al., 2010). 
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7.4 Inter-operator Errors 
It was discussed within Section 3.1 that the subjects used within this study were part of 
ongoing data collection over several years. Within this time, numerous researchers have 
helped to collect this data. Clear SOPs have continually been in place, and new 
researchers have undergone training and assessment before being permitted to help 
collect this data. It is however possible that this studies suffers from inter-operator 
variability, on top of the unavoidable intra-operator variability of motion analysis 
techniques. The study of Della Croce et al. (1999) identified intra and inter-operator 
errors when identifying anatomical landmarks in the range 6-21 mm and 13-25 mm, 
respectively.  
7.5 Sensitivity and Specificity 
The DST classifier was shown to accurately discriminate between healthy and late-stage 
osteoarthritic (pre-TKR) level gait biomechanics. The high classification accuracies 
generally found within this study indicate that the trained model was effective as 
estimating the likelihood of a subject belonging to either the NP or the OA cohort. Often, 
when data classification is used within a clinical context, sensitivity and specificity are 
highly important as they indicate the likelihood of false positives and false negative 
results. This can be particularly important when a test is being used as a diagnostic tool 
or aid. Within this study sensitive and specificity of the classification technique has not 
been reported, and the classification results do not reflect the accuracy that could be 
achieved in distinguishing OA gait biomechanics from other lower leg pathologies. 
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Chapter 8 Recommendations for future 
work 
 
8.1  PCA Using Multiple Waveforms in One State 
Space.  
Within this study, temporal data has been objectively reduced using PCA. This technique 
has been very successful in representing a large proportion of the total variance using 
only 1-4 PCs. The success of PCA in reconstructing level gait biomechanics infers that 
there are strong linear correlations within the waveforms. The application of PCA as 
described within this study, therefore, takes advantage of the inter-relation between, say, 
the value of knee flexion at 60% of gait, and its value at 70% of the gait cycle. These 
 
Figure 8.1 Schematic figure reprinted from Federolf et al. (2013). Variables from the hip, knee 
and ankle angle are plotted for subjects who have simply been asked to stand (solid circles). 
While each axis contains a high degree of variability, when plotted in three dimensions there is 
only limited variability about the PC (black line). Subjects then repeat the task standing on a 
shoe with an elevated heel (hollow triangle). It would have been difficult to distinguish 
differences considering each axis individually, however a new three-dimensional PC clearly 
differentiates the two groups.  
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interdependencies within a single waveform make it possible to distinguish 
biomechanical features using PCA. 
While there are certainly many independencies within a biomechanical waveform during 
gait, there are also interdependencies between different biomechanical variables. This 
is well illustrated by the example of Federolf et al. (2013), which has been reprinted within 
Figure 8.1. The illustrative example demonstrates that while there may a high degree of 
variability in which different subjects approach a task, the internal biomechanical 
constraints of that task can result in PCs reflecting interdependencies between variables, 
and much less variability amongst subjects about this PC. Federolf et al. considered all 
the marker trajectories and GRF waveforms within a single state space, and hence 
considered both interdependencies within and between these variables. In order to 
normalise the raw marker trajectories, each marker was expressed as a position relative 
to the centre four pelvis markers.  Another way of expressing interdependencies within 
biomechanical variables would be to combine joint angles within a single PCA analysis. 
Either all variables could be combined, or specific variables which are known to be 
interdependent such as hip knee and ankle coronal angles combined with the knee 
adduction moment.   
8.2 Non-linear PCA 
The application of PCA identifies multi-dimensional factors through the analysis of linear 
correlations between input variables and applies a linear transformation of the input data 
to represent data along the newly defined components. In summary, it is most effective 
when relationships between input variables are linear. It might be the case however that 
in some instances, non-linear relationships exist between the input variables. For 
example, perhaps when knee flexion during swing phase is ¾ of the size, knee ROM is 
75% of an average NP subjects, however, if it is ½ the size, the ROM is only 20% of a 
healthy individual. A few researchers have explored the application of non-linear PCA 
analysis, often referred to “kernel” principal component analysis. These techniques 
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should be explored relative to standard PCA within level gait biomechanics to gleam If 
there is added value to this technique.  
8.3 Subgrouping Using PCA 
The OA and TKR subjects within this study have been considered as a single group, 
despite being a potentially heterogeneous cohort. Biomechanical changes and 
compensatory adaptations are not expected to be uniform within the cohort. More 
specifically, there might be subgroups within each cohort who are biomechanically 
distinct from each other. It is thought in particular that the identification of clinical 
phenotypes of knee OA could prove highly relevant to disease management/treatment 
(Knoop et al., 2011). The study of (Knoop et al., 2011), for example, used a k-means 
clustering algorithm to analyse 842 subjects considering KL grade, muscle strength, 
depression and BMI. The study identified five different clusters within the data, which 
were termed phenotypes, and these phenotypes were then contextualised based on the 
features which differentiate them e.g. “obese and weak muscle phenotype”. Distinctly 
different clinical outcomes were observed between the five phenotypes.  
In a similar fashion to K-means clustering, PCA could be adopted in a slightly different 
way to identify subgroupings. A synthesised example is shown in Figure 8.2. PCA can 
be applied to the dataset of the variables which are thought to identify subgroupings. 
This data might be discrete metrics calculated from HMA data, and/or any relevant 
clinical measures such as strength, age, BMI, KL grade. The principal components of 
variance are then calculated within this data set, and hence the PC scores for each 
subject. Individual PCs can then be plotted in 2D, or 3D, in order to identify sub-groupings 
within the data. In this example, PC scores for the first two PCs have been plotted. There 
appears to be a clear clustering of NP subjects and two distinct clusters of OA subjects. 
Following the identification of the two clusters, the eigenvectors of the PCs can be 
investigated to identify the contributions of each input variable to the direction or the PCs 
of interest. 
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Figure 8.2 A synthesised dataset had been used to demonstrate how subgroups may be 
identifiable by using PCA as a clustering technique. Two distinct groups of OA (red) subjects 
can be seen, one with high PC1 scores, and the other with low PC1 scores but and high PC2 
scores relative to NP (blue) subjects.  
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